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ABSTRACT

The basic method of the Full séarch vector quantizar
uRd 15 reviswed. The design'procadure of a VUQ is further .
discussed. N

The performance of the UPCM is inQastigatsd. Based upon
"7 7 the UPCHM, a medium-band speachlcoding system is developed.
Th}s’ggazga\sgst;m includes a redundancy reducing technique,
an adaptive \tgshnique and 'a &56-codewords 8-dimensional

o

VPCHM. The redundancy eeducing technique which makes use of
the cg;I; to cgclé and the pitch pericd Eo pitech period
dependencies of . the speech waveform is introduced here. Tha
adaptive technique which makes  use af tﬁe statistlcasgmd_h“\\F
charateristics of the spesch waveform is bassd upon thsa
adaptiﬁe technique developad by Cuperman.

Finally, the computation complexity of. the developéﬂﬂ_

.coding system is investigated and a hardware architecture

for the encoder is proposed.
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CHAPTER 1

INTRODOUCT iON

1.1 Gengral review of véctgr quantization

Ugctor muantizatiqn‘ a powerful coding technigque, is a
promising tool that allows substantial transmission bit rate
reduction in speech coding. It Q;s first applied in Linear
Predictive Coding [4%3 and, it has allowed a 2400 bits/sec
pitch-excited Wlinear predictive coder to reduce the
transmission \bit.rate to only BOO bits/sec with very slight
spsech quality reduction [3]1. In [8B1, vectar quantizéticn is
appl%sd in rasidually-excited lingar predictive coding
(REi?J, tha 1380C bits/sec'RELP was found to prcvide‘a more
natural speech sound than- the 15000 bits/sec adaptive
pradictive coder (APC) [2117.

In waveform coding, the direct application of vector’

quantization to the sampled speech waveform, a direct

genaralization of the conventional linsar PCM called as the

I

i)

Uector PCM  C(UPCM), reported in [15] shows that UPCH results
in higher signal to qﬁantizatiun rnoise ratioc (SNR) than that
of DPCM and ADPCH at.hoth 1 bit/sampla (B000 bits/sec) and 2
bits/sample (16000 bits/sec). A similgé study on UPﬁH (=]
reported that several popular spaéch waveform coders such as
the Fouriér transform coder and the subband coder are both

inferior to UPCM, in the sense of lower SNR, for around 2

bits/sample,
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Vectar quantization is a block saurca"-codipg schama
:that considers a source vector as a single entity and
encodes all of the vsctcr-componants at the same time. The
encoding process of such a bluck quantizer is to select an
'reprnducﬁiun vactor (codeword) From a stored finite sét of
reproduction vectors (codebook) for each source vector. A
binary word that idantifias_éhe selected codeword is usad in
transmission. The decoding process is éﬁmplg a table look-up
procedure that converts the received binary word into the-
coda@ard which was éelsctad iﬁ the encoding procass.

The pérformancs af £his block ésurce coder is
predicted b; the rate-distartion theory that tha.distortinn—
rate Funcﬁion ' is achievable in,the limit whan the vectaor
dimension goes to infinity [2]. However, the rate-distortion
theory does neot offer any design mathod For this block
coder. Therefors, véctcr quantization did not receive so
much attention as scalar qﬁanti;ation‘schemss during the

past decade (2,5,B1.

In 1978, Y. Linde, A, Buzo and R.M. Gray developed an
iterative algorithm for vector quantizer design [5], which
is Found to be useful and is aXEénsivalg used. This
algorithm is sometimes called the LBG algorithm. As a matgsr
of fact, most of the research in vector guantization ars
conducted after the LBG algorithm was introduced.

Recently, a careful study [2]1 has shown that vector
quantizétinn is more efficient in redundancy removal than

scalar quantization. In [23, vectnr quantization is



dascribad as a .radundancy remaoval process that makes
sffeétiva use ofF Four properties of the vector components:™
1) the correlation and 2) the non-linsar dependency (not
correlated but dependent) among- thq vector components, 3)
tha shapa~ of the probability density Function of the vector
cumpunanté and 4) the vector dimension. Scalar guantization:
together with vector rotation (decorrslatinﬁ transformation?
and bit allocation, howsver, can utilize ™ effsctively only
the cqrrslation‘among the vector components and tyg shape of
the brcbabilitg densitg'function -of the vector components
[2]. Thase advantages of vector guantization with Ffinite
vector dimension over scalar quantizatiun}ara mainly thé
reasaon why wvector quantization with small vector dimension

is so promising in the spesch coding research area.

As menticned previously, vector quantization is better

VA

tﬁan scalar quantization in tha seﬁéa of being more
gfficient in redundancy remaoval :mith smaller guantization
srror resulting. However, to account for thse computation
complexity _ and memory . storage requiré%snt, vactor
quantizatiuﬁ is much “méra demanding than scalar
gquantization. The required -ccmputatinn complaexity fFar the
encoding process and the memory storage for the codebook
grows esxponantially with the product of the vector dimension
and the number of codewords. Since the capacity of read-only
memories is increasing and their cost is decreasing, the
main ébstacla in wusing wvector quantization is the high

computation complexity.
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Several attempts have been made to reduce the

' ‘ %
computation complexity reguiremeht. The approaches bseing
taken fall into twq ganaral Datégorias : The: first is to ussa.

specially structured codebooks to reduce ths computation

reguirement. Tree search vactor quantizéticn £1,2,3,4,7,83
and product code wvector quéntization £1,2,3,4,101 are
typical e;amples.. Huwevarlh$ha structured codebooks slways
lead to subobtimal vactor- guantizers. The structured
codebooks may not ba—optima; and the encoding process{'bassd
on the structured cudabuoks,. may Hut ss ahle to select thse
best codeword available. In the sescond approach , a modified
encoding prbcéss which requires 'much less computation than
the original encoding process is used. Since the codebook of
.the original vactor quantizer is wused, there 1is no
performance degradation resulting from the modiEigd gncoding
process., The modified encoding processas ars termed as the

Fast ssarch algorithms C[263.

.2 Thesis obiective

Uector quantization together with a fast ssarch
algorithm certainly offers a mnew and promising research

direction in speech coding. The objective of the ressarch

3
work for the thesis is te--develop an implementable medium-

band speech coder, with at least communication quality

output speech, based upon vector guantization. Since vector
quantization can be applied to an arbitrary source, it is
applicable sither Ffor waveform coding or for, voice coding.

Unfortunately, voice coding -usuallg requires complicated



ccmputétinn (smes chapter 2, section 2.%.2). The application

of vactor quantizatica in wvoice 6cding schemas does not
guarantes the devalopad spasch coder is real-time
implamentable with today's tschnnlnglss. To my knouwledge,
only the real-time implamentation of UPEM is raported in tﬁs
literature [241.

Tharefcre, to account for the implamantatinﬁ
constraint, it was decided to meké the. projected speech
cocdsr 8 spesch wévaform coder. VPCH is, thsrsémrs, salébtsd
as the basic coding scheme of the required spsesch coder.

The performance of UPCM is not competitive with that .
achieved by some sophisticated scalar speech compression
techniques such as the Adaptive Transform Coding (ATC).
However, &the success of vector quantization in linear
prsdictivs coding suggests that _bg transforming the sourcse
befFora vactor B quantiza;ion ;;asults in performance
improvament. Thse purpéss EE the transformation usually
involvas certain redundant information removal. The baéic
idea of wusing such a transformation is to share the
"required task” that nasds to bs done ?g a caertain
quanfizsr. For. instance, the discrete cosine t;ansfufmation

{(decorrselating”™ transformation) in AaTC reduces the

corralatiaon among vestar components t=1a) that the

corrasponding quantizer does not need to to be xﬂbqigﬂgpraqk\\_

utilizing any correlation among vector compongnts.
Anothar method in performance improvement is to divide

the speech signal into savaré1 different classas, subject to

1



diFferent statistical characteristics, and use difFfsrent
quantizers for giEFarsnt classes of speech. The adaptive
vector quantizer (3] studied by Garsho and Cuperman shows
that a 2.5 dB improvement in SNR at 1 bit/sample is achieved
ovar the non—adaptive wvector quantizer. This adqptiva
~technigue can be combinad with certain fedundant information

——

raducing technigques tao Form a new and powerful. coding
scheme., The adagiiva vaczgr " pradictive coding (AUPC)
developed by . Cuperman EEE& damAnstratad that by combining
the adaptive technique and the wvector linsar prediction
‘ Crsdundant information rcemoval) with vector quanfization, a
segmental SNR (SEGSNR) of about 20 dB is obtained at 2
bitsfsample. | \
The final spesch coder of interest, tharefnrs, is =&
UPCH which employs certain redundant information removal and
adaptive techniques. The output speech quality is judged by
means of the SNR and the sggmantal SNR (SEGSNR) while the
computation complexity is estimated by means of the number

of operations (multiplication, addition, comparison, etc)

per samples.

1.3 Thesis organization

A gendral review of vactor quantization is given in
chapter 2. It starts mith‘ the: basic concepts and the
\Rgrfmrmanca parameters of the full search vector gquantizer. .
Tgé‘ design method of an arbitrary fuwll search wvector

gquantizer is discussed next. Chaﬁtar 2 ends with the design

- procedure of the full search vector quantizer.



Chapter 3. starts with the general revisw of UPCH and
the redundant information of - the speech waveform. A simple
but efficient .redundant information .  reducing technique for

UPCM is then introduced wusing &n adaptive scaling of the

speech signal. 1In addition, the structure and dssign method

of UPCM together with the adaptive scaling scheme is further

L]

d;scusssd in déta&i. Afterwards, an adaptive UPCM which is
based upon the adaptive technique developed by GershoiQnd
Cuperman 1s introduced and discussed. Fimally, the adapéﬂve
scaling schems together with - the adaptive UPCM is combined
as the Final Speech coder. Subseguently, a comparison among

all the different sxtensions of UPCM is given  with thair

output speech quality and transmission bit ratsa.

Chaptsr -4 1is basically a discussion of the computation

i
complexities of the different -extensions of UPCM discussed

in Ehaptsr 3. A proposed hardware architectufe for the

desired speech coder is also discussed.

.
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. CHAPTER 2

INTRODUCTION TID VECTOR QUANTIZATION

2.1 Introduction l

Ouring thelpast faw ysars, a number of different vector
gquantizers havsl been developed C[1]., Out of thaese vector
quaqPizars, memoryless vector quantizers are now used in
spaech coding, image coding agd spaqph recognition. Mamory
vsctét quantizer such as Finite State WVector Quantizer
(F5VUQ) may be another active candidate in speech ceding far
the next few years tll]. Nsvarthslssst the memoryless vector
quantizer, if subject to very long (infinite) block length
does nat parfcfm Lprsa than the memory vector guantizer. If

used with certain fast search algorithms [267 developed

recently, ths mamorylsss vector gquantizer will not become

-

ohsolete. : ' -

“

In this chapter, only the basic memoryless vector
quantizer is discussed. This basic memoryless wvactor
quantizer is known in the literature as the full ssarch

vactor guantizer (UQJ.

The material caovered in this chapter, axcept for

section 2.6 (the VUQ design procedurs) is also applicable to
Sams.othar memoryless vsgtcr guantizers sucﬁ as the Tree
Saarch Vector Ouantizer C;EUDJ. The basic concept of a UQ 15
introduced in section 2.2. Section 2.3 COVvers the
parformance parameters of a UV0Q. Thae design of 8 VQ will be

given in section 2.5 fellowed by the discussion of the

"distortion measures For spasch"cuding systems in ssction

<.
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2.4. REtarwards, a design procedure of a V), subject to a

particular transmission bit rate, is given in section 2.6.

2.2 Full search vector guantizer (UQ)
A N-leavel (N codsawords), k-dimensional’ . vacto:_m

quantizer is a source coder that consists of a coder and a

decoder. The coder consists of a codebook, Y-{un:n-l,...,N},
whare {in is a k-dimsnsional vector, and an index 'sat,
J=(1,...,N), which completely identifies sach yp in Y. The

decoder cansists Df the same codsboock Y and the same index

st J as the coder.

(Sl

As in any other quantization process, &a non-negativa

distortion measure d(x,y? betwsen the input vector x and the

codeword y§ is necessary. 'Bassd upan a given distortion

messura, the encoding procsss of the vector gquantizer can ba

spparated into two staeps.

Step 1) The coder assigns a codeword yn to sach input vector
X or RQq(x)~yn subject to
dix,up) £ dx,yy? for all n & m

if seversal codeuwords have the same minimum

distortion with respect to %X, then simply assign
the codeword that has the lowsst index n (14]. The

codeword Yy selected in this manner is called the

"nearest neighbor” of x.
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Staﬁ ES The coder maps thse selected codseword inte the inaex
sst J, tﬁat is, QE(Hn)"n E J. The index set J, which
may be called the “"codebook address”, is then
transmitted to the decoder.

The dacmdf%g (process of the vector quantizer is simply
the reverse process of step 2) above. Thus, ths output of
IFheAdecmdar is the codesword selscted by the coder. This
basic structure of vector quantization is shown in Fig.2.1.
If the coder must search all N codswords in step 13, then
the vector quant%;er is named a full search wvector quantizer
- LNRd .

Since onig the index set J is transmitted, the
tbansmissicn‘rate, r, is then given'bg

wordlength of J |

r = hits/dimansion
Kk

o

IfF N is a power of 2, then the wordlength of J is logpN

bits. Thus,

ngEN

k

r = bits/dimansion 1>

Subject to the input - vector rate F5 in dimensions/sec, the
transmission bit rate is,

3

lugaN .

R~ —— "Fg bits/sec
Note that as k =0, r — 0. Extremely low transmission
rates can be achieved by making use of wvery long block

langth. Howsver, a very long block length is not practical
et R

as the computation complexity of U grods exponentially

- a

[}
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with k for a givan r. A UQ must search for all N codewords
in order to salect_ the one with minimum distortion to al
given input vector. From (1),

N = 2kr @
Thus, for a givan rafe f, a storage of k(2K memory words
is required and the number of computations per codeword or
the number of éomputations per dimension grows sxponentially
with the dimension-k of the input vector. For this practical
implamentation’ difficulty, the largest dimension of U
(applies directly to the sampled speech mavefarﬁ) is limited

\

. r
to k=8 with teoday’'s technology [24,25). : N

2.3 Performancg parameters of a ‘Ul

fs discussed in saction 2.2, tﬁ?l performance aof a
vector quantﬂzsr depends on how accurate the input vectors
are represanted by the codewords. It is clear that the

codebhook ¥ in the coder and thé distortion measure dix,uy’

together determine the average distartion defined as

BISPED Egd(a,01(5333
whera E is the expectation operator with rgspect the
probability density function of x.

However, D(Qy) is often impossible to calculate because
of the prnsabilitg'densitg fFunction of x is not known. For
instance, there are no generally accepted accurate
probability density Ffunctions for real spesch and image

data. Thersfore, in practice, Dcmlg,is estimated by the

sample average basad on a long training saguence,



x-c;o....,gLT_ln. and is defined as
- 1 {LT-1
D(Gyd = lim  —{ 2} d(;n.mlcﬁn))}
LT»co0 LT{ n=0 :

The sample ﬁvarége distortion will converge to thae
expoctad distortion, the expectation of dix,@,(x)2, if the
training sequence (the source’) is staticonary or ergodic.
Ideally, one gould like to design the ceocdewords such that
tﬁa expacted distortion is minimized. However, forC a source
which i1s neither stationary nor ergedic gnd does not have a
known praobabilistic model, the resulting sample average is
no longer the same 8s the axpetted value. Thus, in general,
the expacted distortion will not be minimized and the sample
averagé distortion achieved by the designed codewords on the
test ssquence (other data sequences coming from the same
apurce as the training sequence but not included in the
training sequence) will be different (usually higher) than
that achieved over the.training SBQUENCSE .

One method to deal with the problem stated above is to
- dasign tha .codewurds based on a leong training sequence and
EEEE examine the sample average distortions rasulting from
the training .and the test sequences. 1f the sample average
distortions ares significantly differant from' one another,
than raedesign the codewords based on a longer training
sequence. This - approacﬁ\ is suggested in (1] and 1is
aexparimantally suppnortec in [B63.

The codebaook itself has two parameters namely the

vactor dimension %k and the number of codewords N. They

)
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Jointly define the transmission rate r. It is important to
note that _gmither k ar r ccﬁtributes to tha sample avarags
distortion of a vector guantizer. Recall from section 2.2
aquation (2, |

1

No= 2KC . : ‘

A) At a given rate ¢, N increases with k. Thus, more

codeuwords are used to guantizs the input source as a-\

higher vector dimension is used. As a result, the average g

distortion of a vector guantizer: decreases with

increasing k. This characteristic is'detailaq' in [2,3)
and is experimentally supported in [1,6,71].

B) At a niveﬁ dimension k, N increases with r. Similar

to A), the average distortion of a8 wvector quantizer

decreases with increasing r©. This is also experimentally

supported in C1,6,71.
Regardless of the physical size of the codebook, the
codewords must be good enough to closeig approximate the
input source. The parameter that determineé how accurate the

input source is reprasented by the codewards is the avaragse
\ .

distortion. This 'péramatar can also refer to the distortion
measure .as it identifies which codeword from the codebook is
thé ﬁest "match” to an input vec£or and 1t indicates how
accurate the input vector has been "matched”. The definition
‘DF_”match” lmag be different for diffarent sources. For the
speech signal, we want the codewords to "sound 1like the

source”. In image coding, we want the codewords to "look

like the source”. As the choice of difFarent Aistortion
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measures For different sources is impcrtant, the choice of
the physical size of the codebock is also important. A
"good” distortion measure reflects the subjective judpgement

on a vector quantizer. The physical size of the codsbook
reflects the storage requirament rand thé computatiaon
cnmplexitg required'gggﬂé UD;

Ideally, one would like to design a V@ that performs as
well as possible. However, for a given desired transmission
rate, one has tP. increase the vector dimension to achieve
lower average Aistoption. The exponential growth of the
‘physical size of the codepaok with the product of the vector
diﬁansion and transmission rate gasily lead to an
impractical UQ.

In short, for a source with unknown probability density
function, the  critical performance parameters of a UQ that
have to be chosen with care are:

1) the length of the traiming sequence,

2) the vector dimension and the number.of codewords,

3) the distortion measuras.

-

2.4 Distortion measurs

A useful distortion measure should be analytically
tgactabls, ;eal tiﬁe ccmﬁutabla and suéjectivslg meaningful.
In waveform coding, the most common distmrtidn measure 1s
the squared error measure (either weighted or unweighted).
In voice coding, the commonly used distortion measures are
the Itakura—saitdr and the squared serror measures. Although

the squared error measure doss not appear to be subjectively
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meaningful For a low bit rate speech coding system, it is
largely used due toc its tractability and computability. As

vector quantization is applicabls in waveform and voice

\\\\ coding systems, the distortion measures for both of wavefaorm
v e ‘

and_ voice coding will bs discussad in the Ffollowing
subsections,
2.4.1 Distortign measures for waveform coding Rt

Let x be a vector to be reproduced by the vacﬁmr u. The
maighted\fquared error distcryion' measure that assigns a
non-negative distortion value betwsen x and y i% defined as

dytx,u) = (x-w T wix-w (3
where W is a symmetric positive definite ‘matrix. When W is
an idéntitg matrix, the distortion measurs faducss to the
traditional squared error measure as

ditx,u) = Cx-u) Tex-u) ERERTS

Another choice aof the waighting matrix, W, is the
inverse of the covariance matrix of the random vector x.
This covariance matrix, M, is defined as

n - ECCx-ECx)I[x~FECx)17T3 (5)
This distortion measure reduces to

dmlx,uw) = x-w ¥ M lox-wo (6)
the so called Mahalanobis distortion measurs which is found

to be useful in many pattarn classification applications

including the classification problems of Japanesse phonemes

C&1.
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Since M is symmetric and positive definite, so is m;l(/ .

M™1 can be decomposed intu.n_l-LTL where L is a ﬂ%war
triangular matrix. Thus. -
dqix,0) = (x-wTirox-ud \\ ’
- tLex~w3TrLex-udl
- (Lx-Ly) TCLx-Ly) : €7)
Therefore, the minimum Hahalancbis distortimn is achieved by
minimizing the squared error distortion betwsen the vectors
transformed by L. This implies that the computation of
dm(X,y) can bs reduced by performing dj(Lx,Lyd in searching
for the nearest nsighbcf and in codebook design. This
computation reduction efEect wili be discussed in section

2.5,

2.4.2 Distortion mgasurés for Qoice coding

The distortion measures that will be discussed are
referred tD- as the so called Linear Prediction Distortion
Measures, They are, generally, épplied For the guantization
of the parameters of a spesch linear prediction model
- [27,281. According to this model, the spectrum of a spesch
frame (typically 20 ms +to 30 msﬁ is represented by the

freguency response of an all pole spectral shaping filter

givap by
G
H(Z) = (82
ACZ)
n ) ,
where A(Z) =5 a,z " with ag = 1, and
n=0 '

Lo

R
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the short term autocorrelation sequence of the spseach
Frame s(n), 0<n<N -1, given by
Ng—1-i
~ r(i) = E; sinis(n+i) fFor 1i=0,....p
n=0 '
where r(id=r(-1i)

Thatfis. if S(f) 1is the amplitude spectrum of the speech
Frame s(n), 0<ngNg~1, then it 1is represented by the
frequency response of H(Z2). The order p is typically rangas

from 10 to 12 or from 12 to 1% ifF the speech signal is

band-limited to 4% kHz or SkHz, respectively.

2.4.2.1 Sguared error distortion measursg.

In pra&tice, the gain term, G, from (B) is quantized
and transmitted separately. However, the filter coefficisnts
{ap) are likely to cause instability of the Ffilter upon
quantization. The reflection coefficients {kh}. which are
the intermadiate gquantities in saolving Eor.{an} via Ourbin's
recursive algorithm, are selected as the transmissian
parameters [281. The procedure of solving the ({(a.} via

n

ODurbin’'s recursive algorithm is the following:

inmitialize algorithm as
(il Eg = r£COD
calculate the k based on the previous coefficients

N ncl n-1
(i1 ky = -C £en) + Ea a, rin-33 3/E _4
) <

18
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th

calculate the n coefficiants for the next recursion
] (nl
(iilq’an - kU
(n) (n-1) (n-1)
Ciwv) EJ - aJ + knan_J ) l_<_J<_n_1

- (1- c e
(v)  Ey = (1-Cky)5)Eq_; .

geto (ii) For the next recursion
By solving the equations (i) to (v) recursively, the Einai
solution is given by

ay = BJCDJ v 123<p

In addition, a study on_the spectral sensitivity C(the
rate of change in dB in the amplitude spectrum of HCZJ with
respect o the change in values of the corresponding
raflection coefficients) shmmgithat high or ium spectral
sshsitivitg occurs when ik | - 1 or when tkyt is close . to
zero, respactively [2391. That is, small changes in thoss
IknL‘~> 1l result in large chéngas in the amplitude spectrum.
Therefaore, linear guantization of the reflection
coefficients is not optimal. An optimal quantization scheme
prcposgd in [29] is a linear quéntizaticn on the log area
ratims.an} defined as

AN
1 1tk

gn = — log (—) , 1l<n<p v : (392

2L 1-kp,

wharea L is an arbitrary constant. In this manner, the ihput

vactor E-(gl,gah...,ngT

using (4), the squared*srror distortion measure £187.

will be encoded by another vector,

-
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2.%.2'2 Itakura-Seito distortion measure

Unlike the squared error distortion measurs, thé
Itakura-Saito distortion measure is ,able to explore thé
spactral matchingl gffect betweean Lt@g vactors. It is;
therefocra, belisved’ +to he a ;uh]a:tivalg ﬁaaningful‘

distortion measure {121].

According to this measura, the input vector (ths

.

parameters of H(2)), is defined as E-cs,al.aa...;apaT. Let x
be reproduced by an arbitracry H'(Z2) with parameters defined
as Q-CG’,a’l.a’E,....a’p)T, then the Itakura-Saito

distortion [4,10,12] between x and y is given by

: alR(S)a .
dpglx ) = ———0— * InG'S - 1nG° - 1 €10)
n "G
' : . >
where g-(l,a’l,a’a,...,a'pJT and R(S2) is the p+1l by p+l
autocorrelation matrix , {rgCi-gd, 7 i=0,1.,8,....,19;
Jj=0,1,2,...,p}, with rglid  the standérd short term

autocorrelation sequencs for the truncated (windowed) speech
sample s(nJ, 0<nd<N -1, given by

Ng—1~i . :
rg(iy = }%} s(nis(n+i) for i=0,1,2,...,p 113
n=

where rg(il=rg(-i3
In [4,10,121, it is shown that
T .- ;
alR(S)a = ry.(0rgc0) + 2 1 rgr(idrglid (12>
<

. . p—i .
whera r_,(i) = :aoka'ma’m+i ; TgeCi) = rg.(-id" (132
=



A ‘useful property of the - Itakura-Saito distortion

measure is the "triangular equality” [4%,123. Rewrite (10) as

, alR(S)a
diglx,ud = 1nfaTR(S)al - 1nGZ + — - InfalRcS)al +
Gi
InG’e - 1
alrcsia alrRcsia alrcs)a
={ln |[——f} 4 ——— - In|—| - 1
Ga B!a . G)E
- dix,a) + dCalR¢Sla , 5'&) (14)

wheres gf;,g) is the gain-optimized Itakura-Saito distortion
measure [12]. It is +the Itakura-Saito distortion when ¥ is
encoded by a and a gain term Ufa (gTRCSJng/a; and
d(gTR(SJg,G’EJ ié the Itakura:Saita‘ distortion whan
CQTRCS)gjl/a is quantized by G’. This separation of d;g(x.,d)

is called the triangular equality.

Because of the additive property results from (143,

=3 |

dISCE,gJ can be minimized by separately minimizing di(x,a)’

“and dcalR(S)a . G'2).
Stép 1) Chnﬁse a model C mi£hout the gain term )
g,-c1‘a.1,...,a.p3T'éucﬁ that
dix,8«) £ d(x,a)
with some tie—brsaking rule.
Step 2) Subject to the model a, chosen in step 17, chooss a
gain term Ge such that
d(g*TR(Sié.,G,E)lg d(aelR(S)a.,G'E)
with some tie-breaking ;ule.
Step 12 1is a vactcrrﬁuantization that does not depend

on the gain term. 5Step 2) 1is a scalar . quantization and

Fu-
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d(aw R(S)ay,B42)=0 iff Gu=(24lR(S)aw)l’. Therefore, (1%)

- o —

can be written as

d15(x;Be Ba) = d0x,20) + dC2uTR(Saw Bu) A
which leads to the dsvelopment of another vector guantizer
called Ga;n Shape Uector Quantizer (GSUQ) E},lO].

Having completed the discussion o©of these distortion
measures, it is clear that vgice'énding'ggstam does requirs
complicated :qmputation. In the nékt saction, -ths

applications of wvector guantization in both waveform apd

voice coding suystems are discussed.

£.5 Codebook dasign

Recall that & desired UQ for a given codebook size
should be able to minimize the average distortion betwsen
the source and the quantizeénoutput (reprasented by the
codswords)., Thus, a weil performing VQ impTies a set of pgood
codewords and subjsctively a good distortggn msésure. Define
8 set of partitions (a partition is a “bhbounded” multi-
dimensional regian of dimension equal to the wvector
dimension), {Pn,n-l,...,N}. Each partitiaon gpalates to sach
codemdrd {u,4, 1&n<N as

x E P, if dlx,up) < dix,up) For all n# m
Therefore, from the step 1) in section 2.2,

Q%) = U,

if x E P,
The average distortion is, therefore, defined as

D(Qlj - E{dCE,QlCEJJ}
N

- E{ 3 |dlx.yp)
n=1

x € Pl Polx B P

e



n=1

N
- 2 E{[dc;,g_nal x E Pn] P.

(x € Pn)}

As discussed in section 2.3, D(Q,) is estimated by the

sample average from the training sequance, X=(xg,...,X;7-17"
Thus,
1 LT-1
DCEyY = — 3 alx,. Q0%
LT n=0
1 LT-1 N
-— ¥ > |dtx,upd| 2, E Py| Pelxy E PR
LT n=0 m=1 ‘ _ )

where P_(x, € P,) is the discrete probability which is

gither 1 or 0.

A UR is optimal if it minimizes

with Dl* is optimal if all dther Ul
Dcmi')gncmla. There are two necessary
optimal VR (S, 147,

Condition 1) Qq(x)=y, if x E P, Noﬁe

the same ad the step 1) in

Dlej. that is, a Vil
with Gl reasult in

conditions faor an

that this is exactly

section 2.2.

¥

Condition 2) y, minimizes the samplse average distortion in

partition Pn' that is

l ol

DnC@) -

is minimized by uy.; whers

x in P and

nl
codeword Un
gn-cant(PnJ.

Having discussed diffarent

Nn .
.£8 d(gm,gn) . 018y
m=1

Nn-numbsr of vectors

€ P, for all 1<m<N_. The

alisd the centroid of Pn or

distortion measurss

availgble in speech coding, it is possible to discuss in

~
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detail how to conduct the search. For the nsarest neighbors
of the inpuf vectors (condition 1 of an optimal VUR) and the

computatﬁmn of the centroids (condition 2 of an optimal UQ2.

>

2.5.1 Nearest neighbor calculation

From condition 1) of an optimal VQ, it is obvious thét
" the - computation involved in the nearest . neighbar

calculation is dependent on thse distortion measurs.

£2.5.1.1 Weighted squared error distortion measure

From (3) , the general form of a weighted squared error
distortion bhaetween'a k-dimensional input vector x and the k—
dimensional codewords {y.), 1<n<N is given by

dyCx.uy) = Cxmud T Wex-u ) (17>

= xTwx - exlwg, + u Tuy €183

Since the first term is lﬁdapsndent Df.gn, it can be
ignoged *n the nearest neighbof calculation. IF the coder is
desigped to store -2y, Ck:diﬁansional vector) and HnTan
(scalar) insteéd of Un For 1<&n<N, then the required
computation of (18) is less than that DéqC17).
| Let add. denoctes addition(s), )
mult., denotes multiplicationi(s),
Cadd.+mult.) denoteswadditicns and multiplications
sub. denotes subtraction(s)., and
the computation of Wz be wc--:Ek mult.+(k-13 add.1l,
whers z is an arbitrary k-dimensional vector.

1) The required computation involved in (17) is

k sub, + kimylt. + (k-1) add. + Wc (add.+mult.).

24



27 The regquired bnmputation involved in (18) is

o k mult, +-(k-1) add. + 1 add.

25

"Thus, the saving in the required computation 4inm (187

compared to (17) is

k\sub. - 1 add. + Uc (add.jmult.)
‘It Ecllqgg; directly that ~ the saving in computation for the
nearest neighbor calculation for N.cddawurds is

N Ck sub. - 1 add. + Wc (add.+mult.>]
Tha prics to pay Ffar thié saving in the number of
cbmputations is the increase in étorage of N scalar terms.
Thereforse, the computaficn reduction ‘achieved by (18) is a
trade off bstuwesn computation and storagq.

As pointed aut in sedéion 2.4%, the computation for thé
Mahalanohis distﬁrticn in ¢6) can be reducéd by performing
ths sduarsd srror distortion measure in (?J. In_'order to
compute the Mahalanobis distortion defined in (7J, the coder
has to be dssigned to stors the transformed vectors Lun
instead of Y, For 1<n<N. e

Let the computation of Mz be Mc (add.+mult.).'and
_' the computation Df Lz be Lc (add.+mult.), where z

is an arbitrary k-dimensional vector. .

1) The required computation in calculating dm(x,Un) through
CEj fFar allfn is

N [k sub. + k mult. + (k-1 add. + Mc C(add.+mult.>].

23 The rsquired computation in calculating dn(x,u,) through

(7) For all n is

N Ck sub. + k mult. + C(k-1) add.3.
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-3) The prsccmputatinn of the irnput vector x before dy(X.Hn)
through (7) for all n is

. Lc Cadd.+mult.).

Since M-LTL. assume Mc=Lc, Thus the saving in

computation For the nearast meighbor caliculation achievad by

- &

(70 is _ <.

4
NMc-Le=Mc(N-1) (add.+mult.?
In addition, no extra storage is required For this
‘computation reduction.
2.5.1.2 Itakura—Saito distortion_measure
From (102 , the Itakura-Saito distortion between the
input maodel vectar -5-(5,31,38,...ap3T and tha cadewords
- ] ] ] i T § ;
{4 =(G neoa'1(nd,a 2(nl,...a pEnJJ 3, 1<n<N is given by
Cacn)ITR(SIacn) N 5
dig{x,4n? = + lnl3'rl - 1nG~ -1 {13)
G bl
. N
whare g(n)-Cl.a’lCn).a'E(n)....a’an)JT

Since the last two' terms are both indepandent of e
theu can be igrnored in the nsarest nesighbor calculation.
Define d’ISCE-HnJ as

Cacrm1TrResIacm

; 2
4’ 1gCx,u) + 1nG' (20}

=
G’ n

T~ .
substitude (123 into (20),
P // 2
d'yg(x,4) = |Fg: ¢y 0IrgCOD +a3}§ Tg(ny (mMirg(md /6",
m-
+ 1nG’ B (213
p-k

~
where Ty cpny (k= 20 a’(nda’ (M)
m-
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Thus, for caomputation purposes, each codeword should be
stored as € u,=CInG'n8. g+ (nyC01/B 12, Bra:(ny(13/6°,5, .0,

' 2 .
Era-(n)(p)lﬁ n ) ) ’ 1£_nf_N.

2.9.2 Centroid calcylation
Similar to the nearest neighbor calculation, the

cantrold computation depends on the distortion measure.

£.5.2.1 uweighted sguared error distortion msasure
In calculating the centrbid, we want to minimize (1B
for all 1<n<N, For a distortion measure of the fForm (3),

(167 ts minimized with the centroid shown in £S] as
\

N 1N, :
cent(P, ) = w Wxm oo (2el
m=1 m=1

3

whare N, and x, is the same as in (16).

As discussed 1i1n section 2.4, w-LTL;and is independent

of x . thus (22) becomes \
1 M.
W e T, -1 5 T
cent (P ) (L*L) 5: CLALIx,
Nn m=1
1 NR
- — 7t X
. Nn m=1
1N,
- — :; Em (23>
N, m=1

Note that cant(PnJ is independent of UW.

2.5.2.2 ltakura-Saito distortion mseasure

Lat (S,GF): 1<m<N. 2 ba the energy density spectra of
the speech frames which are represented by a set of spectral

shaping Filters (H,(2): 1<m¢N. 2}, each with a parameter
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vector or codeword: Em'(G'm-a’m;l‘a'm;E'"'-B,m;pjr- in
4,121, it is showun that the requirad cent(Pn) is the

paramata§ vector x™ corresponding to

| -

N
ST(F) = :E SpCEa ' (24)
m=1

Z

n

where 57(f) is the arithmetic mean of (SREd: 1&mEN Y. Thus,

the calculation of cent(Pn) is the lirmear prediction problem

of 5S™C(F).
Defire €r ™ (md):  1¢m<N_: O¢n¢pd)  the short ternm
autocorrslation sequences for the spesch frames and

‘GSm(ZJ:lgmgNﬁJ the 2 - Transform of the spsech frames. Thus,
SRtEd = S,(2)5,(1/22
- 2ir My : (es)

Since the 2 - Transform is linear, S7(f) can be defined as

S57(F) =

= 2{rg"(ni3 (26
From (25) and (2bJ, it is DbGiDUS that. ¥ can be
calculated.@b’msans of the autocorrelation math;E\{EBJ basead
upon the arithmetic mean of the autocorrelation seguences

for the speech frames.
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2.5.3 The gBG algorithm

One msthod for codsbook design, subject to the optimal
UQ criteria, is an iterative clustering algorithm called the
LBG algorithm or the generalized Lloyd " algorithm [S3J. It

works with a&.general distocrtion measure, a- lgng vector
dimension and a “general source”. A "general source " is a

source that @ither has known probability distribution or
-

. that has an unknown -pProbabilistic model. For a source that

has wunknown probabilistic. model, a wvery long training

segquence generated by the source is used as an approximation
" _ &
of the "true” but unkhnown probability distribution of the

sgurce.
The basic of the LBG algorithm is the following:

Step 0) Given N, 'the number of codewsrds required ; k., thse

dimension of each codeuword and a training sequence

X-{?Ei: }5‘1"(){11, fae ,in), OiliLT—l}

¢ .
Initialize a N codewords codebook YO'{QOJ: 1< J<N2, a

distortion thrashold D20, an  iteration index n=~0

.yt

and assuma a distortion D_l-(D . -

Step 1) Find the set of partificns {P WJ=1,...,N2 based an

nj

' Y, and X, then find the reproduction vactors {gnjl

according. to condition 1) of an optimal UQd. Compute
the sample average distortion

1 LTI-1 ‘

D, = — 3, d(x;.0Cx%;))
. LT i=0

Step 23 If (D,_1-0 /D <04, than halt with a final codebook

Yn. Dtherwise go to step 3.
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Step 3) Find the optimal codabook according to condition 2)
of an optimal VUQ.
Yn-ignj-csnt(PnJJ: 1=1,...,N2
increment n and go to step 1). l

Since éhe -design of the final codsbook reguirss an
ipitial codebook Y5 and a training sequence, the Final
codebook is optimal with ' respect to the ﬁraining saquence
and Yq mr tha final codebook is locally optimum [S3].

Therefare, it is often suggested that for an arbitrary
sourcz, different Y5 should be tried 1in designing the
codebock and the Einalﬂ‘codebook that results"_with the
minimum distortion is then chosen to be the desirsed
codebook.

‘Dne codebook initializaticn method is found to be
useful and is extensively used for speech source is the
splitting technique [1.4,5,6,7.15,18]. This method starts
with the centroid of the training seguence as a singlé’
codewonrd. This codeword is then split into two codewards to
create the Yg for the LBG algorithm. After the optimal
codebook (2 codewords) is obtained, sach of thsée two final
codewords is then split inta two initial codewords as the Yg
For the LBG algor;thm. As a rasult, one cbtains a codebook
of size 1.2.,4,...,N codewords sequentiallg3 In additién,
according to the results reported in (6], - the splitting
initialization.technique is expected to be a good codebook

=}
initialization method (for a speech source) in the sense

»



that the FfFinal codebook is optimal with respect to
training seguence. : ,//

The LBG algorithm together _mith-: the splitting
initialization tachnigque: is ths‘ Following (a subroutine
program is given in Appendix CJ:

Step 0) Given N , the desired number of codewords ; k , the
dimansion of each codeword and a training segquence

X-{gi: Ei-cxli""'xkij' 0<idLT-12.

Compute the centroid of X, yg. Set m=1.

Step 1) Given a m-leveal cadebook Y={y;: 1<ifml Split1 each
of tha codsword Ui into Ui and gi+g where b is.a
Fixed perturbation vectorS. Set up the initial
codebook Yo={u;:1£1i<2md} with cm codewords.

Step 2) Find the optimal 2m-level codebook . Yg, via the LBG

| algorithm.

Step 3) If 2m<N , replace Y by 'Yg, m by @m and go to step

o,

31' \\\

e S

1). Otherwise, halt with YF as the desired codebook. .

\

1y is the optimal m-level codebook with minimum average
distortion (arising when X is reproduced by Y). The
initial 2m-level codebook YO which includes a copy of Y
ensures the average distortion arising when X is
reproduced by Yg, will not be higher than that resulting
from Y. Thus the awverage distortion arising when X 1is
reproducad by Yg is guaranteed to ba lowsr than that
rgsulting from Y.

e The purpose of the wvector b is to create two "closely
packed” vectors in the k-dimensicnal Euclidean vector
space, The nature of b is arbitrary in that it can be a
vector of different vector components, a vactor of equal
vector components or even a scalar guantity.
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2.8 The design procedurse of the UQ

Having .discussad the étructura,' the performance
parameters and tha codebock dasign of .UQ, the design of a
particular UQ can be considered. In hractical systems,

v
speEech coders are usually classified according. to their

transmission bit rates. Any speech codaer, tharsefore, muéﬁ?

pravide the infq;maéion on its output speech guality as well

as on its transmission bit rate.

A general approach in speech coder davelopment is to
enhance the output speech gquality subject ﬁo a particular
transmissicn bit rate. Therefare, if is of interest in
designing a UD subject to a desired transhissibn bit rata.

The procedure in designing a3 VO subject to a given
transmission bit rate can be formulated as follows:

Step l) Select a suitable distortion measure For the input
vectors. For linsténce. the Itakura-Saitec distartiaon
measure in iinear predictive coding. An example is
given in section 3.2.3.

Step 2) Select the largsst possible vector dimension that
can be handled through the computer (non real-time)

simulation and the required length of the training

sequence. In linear predictive coding, the vectaor

dimension is wusually chosen to be the number of the
modél parameters. Thus, step 2) does not, usually,
apply in linear predictive coding. An example 1is

givgﬁ\in section 3.2.3.

¢~/

o
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Step 3) Select the codebook size (the number qE'codemordsl,
subject to ‘the selected vector dimension and the
required transmission bit rate. An axgmple is given

- in section 3.2.3.

Step 4) Select a training saqusn:s'béssd uﬁmn thg selectad
vactor dimension. Due to the exponantial gréhth'a?
the number of codewords with the vectnr_diménsian.
the length ©of the training sequence  increases
exponentially with the vector dimension. An example
is given in sgction B.Eu&;

Step 5 Dssign the codebook using the LBG algorithm.

Stap B) Test the designed  codebook dn an arbitrary test
sequence which is alsor From the same source as Ehe

training seguence. An example is pgiven in section

3.2.4.

Step 7) If the result on the test seguence does not match

the result obtainred from the training. sequence,
redesign the. codebook base on a longer training
sequance.

The design procedure outlined above provides a
systamatic approacW in designing a VUQ. However, both the
stap 2) andiphe step 1) depend heavily on the statistical
behaviour of the training seguence (tﬁe sgurcel) and the
available computer facilities. The statistical behaviouwr of
the source dstarmines.ths required length of the training

spquencae. The computer facilitiss determine the length of

3
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2 ,
the vector dimensian anﬂ tha length of the training sequsnce
that can be handled through the non real-time simulation.
As an example for the application of this design

procedure, an B kb/s UPCM will . be designed following this

procedurs in chaptsr 3 (section 3.2.3, 3.2.4).

2.7 Conclusion

In this chaptar; the basic method of full search vector
quantization is givan. Out of the ﬁatsrials covered, the LBG
algorithm is of special impor;aﬁce. This algoritﬁm is the
basic tool éor the codebook desigﬁ and is applicable in
designing the codebooks of méstlg all the different types of
vector quantizers E&,E,?,B,S,15,18%15,80,28],, except an
th;nsion is raauired for the FS&E 111 and the GSVQ C101.

Finally, all of the materials covered in this chgptsr
willi be referred to and will mot be repeated i®  the
following chapters. Therefore, the reader may Find that it

is nebassarg to rafer back to this chapter occasionally

during the reading of the following chapters.

o

-



CHAPTER 3

\DEUELUPﬁENT OF THE MEDIUM-BAND SPEECH CODER

3.1 Introduction:

As discussed in chapter 1,'%ha‘desired‘spsech,emdar is
besed upon UPCﬁ. Hence, three different UPCM-based systems
are devsloped. fach of these extensions of UPCHM is daesigned
to improve the pecfarmance éf UPCHM while keeping -to‘ a
minimum, ths 'incfaases in the computation caomplexity and in
fha transmission bit rate. As a resul#; every réalization'DE-
the differant UPCM-based systems is a compromise betuwsen the
computation complexity, the transmission bit réte and the
parformance.

The first extension of UPCM (sections 3.4, 3.5, 3.6) is
a technigue that reduces rsdhndancg prior to vector
quantization. The redundancy réduction makes wuse aof the
pitch period to pitch period and the cycle to cycls
dependencies of the speech waveform. These dependencies ére'
not effectively addressed by UPCM. However, this uPém—baséd
system is very complicated. Its fimal development is
emphasized on simplifiné the redundancy reducing technigue.

The secaond extension éf UPCH (sections 3.7, 3.8) is an
adaptive technigue that makes uvse of an adaptive wvector
quantizar (codebook) for the speech waveform. This adaptive
technigue is designed generally in combination with the

fFirst extension of UPCH.
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The third extension of UPCM (ssctions 3.7. 3.8) is a

..combination of the redundancy raducing‘ and adaptivse

T

techniquas: Each of these véfiations aof UPCH including_gﬁCﬁ
will be discussed in detail throughout this chapter. In
section 379, a cmmpérisﬁﬁ batwesn the differant"axtansinns
of VUPCH based upon their output. speech gquality and
transmission bit rate is given. After the comparison, the

third éxtension of UPCM is concluded to be the dssired.

speech coder in section 3.10.

3.2 Vector pulse code modulation (UPCHY
The simplast gpeach.ccding schemg that requires the

highest tramsmission bhit rate (around 96 kb/s) is ths

=,
LY

linear pulse code modulation CPCﬁJ. The erncoding process of
PCM is ©basically the conversion aof thé analog (cont%nuous-
time, :Gntingaus;amplitudej speech waveform in;a-a digital
Cdiscrete—timé. discrete-amplitude) speech waveform. The
analog to vdigitai conversion consists ofF three parts:
sampling, guantization and coding. Sampling converts a
continuous-time signal into a discreke-time signal according
to the Sampling-Theorem. fQuantization converts a continuous-
amplitude signal into a discrete—ampliﬁude signal based on a
finits sat of discrete amplitude. The finite set of discrete
amplitude (codebook) is time-invariant and must be defined
before the A/D conversion “of the speech waveform. Ths
transmission parameter is the index of the discrete

amplitude (codsword?) from the codebock. The decoding process

aof PCM 1is the digital to analog :ccnversion (D/R): thae
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lracavsring of the codewords Ffrom their indexses followed by

.

low-pass filtering.
The differance between UPCM and PCM is the different
nature of the quaﬁtization‘pqqcess. In PCH, each sample from

the_ﬁamplad spesch waveform is indapandantlg_ﬁuantizsd. In

e

UPCH, g(GTDCk of congecutive samples from the éamplad spesch
waveform is Auantiéed' through vector quantization. Each
vector is also indespendently quéﬁtizsd bg' the vector
guantizer. Because of this similaritg,lUPCM is considered as
a dirsct generalization of the conventimnal linear PCH.

Thé vector quantizer in UPEM can be any kind of

¢

memoryless vector guantizer. However, as discussed in

chapter 1, all the memoryless vector guantizers except the
full sesarch vector quantizer (UQ) are suboptimal. Therefore,
only the UPCM with Full search vector quantizer  is oOf

interast. ”G%Cﬂ" will stand for vector pulsse code modulation

together with Full search vector quantizar and "UR” will

stand for the encoding process of the Full ssarch vector

quantizer throuuhcuﬁ “the rast of this and the Following

chapters. A block diagram of VUPCM is shown in Fig. 3.1.

3.2.1 Trasmission bit rate of UPCH

Recall that (chaptar 2), the transmission rate of a N-
codeuword k-dimensional full search vector quantizer is

lUgEN

) ol bits/dimension

k
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In—UPCHM, - the vector dimension is equal to the number of

speech samples per vector. Thus, the transmission rate of
UPCM is LS
logoN : ) N _
r = bits/sample - ~
k r

‘With - a  sampling rate of F, samples per sscond, the

transmission bhit rate of UPCH is

ngEN
R-

£ - hits/sec (272
k

3.2.2 Performance of UPCH
| As described in chapter 1, an infinite-dimensional UPCH
can, thaorstically, achieve the distortion-rate function,
Howsver, only the finite-dimensional UPCM is practically
useful . Additionally, the computation complexity of UPCH,
discussed in chapter 2 (section 2.22, virtually limits the
dimension of UPCM tew k<B. Therefors, only the performance aof
UPCHM with short € <8 J) vector dimension is of intersest hers.
A detailed study on UPCH ﬁ?om Stanford University L[&]
implies that ' fFor a UPCM of fixed transmission rate
(bits/sample) and of dimenéimn k, the SNR improvemant
results from using a UPCHM of dimension k+1 is decreasing as
k is incraésing. A similar reasult can also be obtained from
an independent study on VUPCH in Germanyg [15]1. It should be
Emphaéized that the relation betwesan thadﬁ%rformancs'of UPCM
and its vector dimension has never beaen reported in the
literature. Therefore, it is necessary to confirm it ‘in the

following.
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Somea of thes results of the UPCM in [B] are shown in

Table 3.1. According to the S5NR,,¢ at 1’xbit/samplaJ an

increase of 3.2 dB in SNR was obtained whén k was increased
From one  to two and an increase of la;;\than 0.5 dB in SNR
was obtainad par unit increase in k  starting from k=S,
Thsrefuré. a vector dimension higher than esight (k»8) at 1

bit/sample may not be desirable as the reguired computation

complexity and memory storage grows exponantially with k and -
4
the increase in SNR resulting from higher vector dimension

is small. ; ;

o

3.2.3 Selection of UPCM parameters

.

quallg, tha transmission bit rate of a medium-band
speech coding -scheme ranges from 8 kb/s to 16 kb/s and a
commonly used sampling frequency, ES,'is B kHz. Although a
sampling frequency of 6.5 kHz 1s also good for North
American English, it is ﬁot good enough for some other
languages such as German and French. In addition, lowser:
sample to sample correlation results from the 6.5 KkHz

sampling freguency as compared to the B kHz sampling

frequency. Therefore, a B kHz sampling freguency is selected

as it is generally accepted and it contributes to better
output speech quality than the 6.5 kHz sampling frequency
24]. In addition to the effect of higher sampling rate on
the performance, a8 SNR of 13.6 dB is achiévad.bg an B-
dimensional UPCM (at 1 bit/sample) wusing a sampling
Frequency of 8 kHz [15]. Although it is difficult (perhaps.

not possible) to compare the results obtained From [63 and

-
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1 bit/sample ' 2 bits/sample

k | SNR,, SNRy| SNR,, SNR4|{ SNRi,  SNR4| SNR,, SNRy

(dB)  (dB) | (dB) (dB) | (dB) (dB) | (dB) (dB)

2.01 2.05 6.50 6.41- '
524 323 | 525 320 | 998 348 | 972 3.31
- 6.09 0.85 | 6.01 0.76 12.13 2,15 '} 11.85 2.13
7.09 1.00 | 6.99 0.98 1348 1.35 12.70 0.85
7.88 079 | 7.57 0.58 :
853 0.65 |.8.05 0.48
.08 0.55 | 841 0.36
974 066 | 8.82 041

00~ £ W) —

Table 3.1 Performance of VPCM at 1 bitsample and 2 bits/sample. After [6].
,

The VPCM was designed based on a training sequence (6.5 kHz sampled real speech
containing five speakers) of 640000 samples and was tested on a test sequence (6.5
kHz sampled real speech of a single speaker who was not involved for the training
sequence) of 78600 samples. The design algorithm was'the LBG algorithm based on
the unweighted squared error distortion measure together with e splitting
initialization -and a convergence threshold of 0.005. SNR;, is the SNR obtained

from the training sequence. SNR . is the SNR obtained outside the training
sequence (from the test sequence). SNR is the increase in SNR per unit increase in
vector dimension, k, defined as

SNRd(dB} at dimension k = SNR (dB) at dimension k- ‘SNR (dB) at dimension k-1
or SNR(dB)@k = SNR(dB)@k - SNR (dB) @ k-1

As an example, the SNRy of SNR; at k=8 is |
SNR4(dB) @ 8 = SNR;, (dB) @8- SNR;/(dB) @7

=974 -9.08
= 0.66 dB




. ) ' yp

£1s3 ‘because of the different na£ufe ‘of the training
sgquences and test seguences used in sach casa, thase
results csrtainlg‘cmncur‘cn tha advantage of using the B kHz
sampling frequency over the B.S5 kHz sampl;ng- frequency,
éphroximatelg a 4 dB increase in SNR is achisvable by usiné
the higher sampling rate.

The disadvantage_-of using the 8 kHz sampling freguancy
as compared to the bB6.5 KkHz samplinmg frequency is the
resulting inc;ease in the trénsm@ssicn bit rate. HDQever‘
according to [B] and C[15], the extra 1.5 kb/s transmission
bit.;ate is acceptable because of the corresponding SNR
improvement. -

Based upon én B kHz sampling freguency, the admissible
transmission rate for a medium~band UPCM is betuwsen 1
'bif/sampla and 2 bifs/sample. chﬁﬁ;féng'fuf the extra bit
rate for word égnchronization and Ehe side information

reguired by the further development (the redundancy reducing

and the adaptive technigues), a UPCM of 1 bit/sample is

1

selected. Also, according to (277, the corresponding

transmission bit rate, which does not include the bit rate

for word synchronization, of the UPCH is B kbh/s. Note that

the 8 kb/s transmission bit rate is the minimum transmission
bit rtate of all the different extensions of UPCM.
Furthermare, based oaon the discussion on the effect of thé

vector dimension in section 3.2.2 6 and t%e computation

camplexity requirement dIscussad in'chapter £ (section 2.2J,

a vector dimension, k., of B has been selected. The increase
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in computation required for' k>8 is not proportional to the
corresponding- SNR improvement; thus the highssﬁ vaétof

dimension for VUPCHM, which is implementable, is k=8 [24, 25].

Finmally, according to (2), the number of codewords, N, of

the 1 bit/sampls UPCH is 28-256. -

The last parameter, which is necessary to be determinad

for the nearest- neighbor selection, is the distortion

maasura, As discussed in chapter 2 (section 2.4%), the mast

popular distortion measures for waveform coding systems. are

the unweighted équared ecror distortion measure and the

43

. Mahalanobis distortion measure. However, the Mahalanobis.

distortion measure does not appsar to be better than the
unweighted sﬁuarad error distortion measure in UPCH LB,
ﬂccafdihg tco (B], the subjective output speech guality of
the unweighted squared error distortion results 1is almost

identical to the corresponding , Mahalanobis distortion
- )s\‘ -
[

results. Therefore, the unweighted squared error distorction

measurg is_chosen for the UPCH.

As a summary, the parameters of the selected UPCH are

the following:

Distortion measure = unweighted sguared errar
distortion measure '

Sampling fFreguency - B8 kHz

'Number of codewords - 258

"Vector dimsﬁsimn - 8

Transmission rate -1 bit/samﬁle, -

Transmission. bit rate = B kb/s
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3.2.4 Simulaticngzgsults of the selected UPCH

. a“
Based upon the parameters chosen Ffrom the previous

section, the 2565-codauwords B-dimensional UPCH_;BS simulated
in the uaX 11/750 mini-computer. Real speech, From Ffour
difFferent speakers, of about 33 seconds (264080 samples)
long was wused as the training seguence Fér codebook design.
Similarly, the test sequence was anotharA real spssbh
sequence, recorded from a single speaker, of about 11
seconds (87280 samples) long. The real speech3 (the training

sequence and the test sequence) was sampled at 8 kHz and

quantized to lB—bit; o

A codebook of 256 codewords was designed for the 8-
dimensional UPCM using the LBG algorithm with the splitting
initialization and a convergence threshcld of 0.005 which
was found to be useful.E5,5‘7]. The simulated_pérfcrmancas
of the UPCM are the following:

The SNR of the UFCM obtained _
inside the training seguence = 11.60 dB

The SNR aof the UPCH obtained
inside the test sequence = l2.2% dB

Note that the perfFarmance of the selected UPCM i1nside

the test sequence is quite close to that obtained inside the

~ i
¥

3The real speech data was borrowed from Dru\ﬁelvgn J. Hunt,
a raesearch officer in National Research Council. This speech
data was recorded from Ffive different speakers labelled as

AA, CM, DS, GH AND JT. The speech data of each speaker was
approximately 100 seconds.
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training sequanéa. It is, therefore, assumed that the 33
seconds training sequence is Icng enough for the codshook
design, according to the discussion on the average

distortion D(Q41) in section 2.3.

Another observation that can be mads from the
simulation results is that the UPCM rasults in h;ghar SNR
than that obtained in CG1. Thus, the advantege of using an 8
kHz sampling Ffregquency instgsad of ‘the B.5 kHz sampling
frequency is, once again, confirmed by the simulation

results.

3.2.5 Comments on UPCHM

As discussed before, the performance of UPCHM, though
significantly better than that of PCH, is not good enough
compared to some other scalar speech comprassion techniquas.
"ﬂ SNR of 12.24 dB of the B Rh/s UPCH is not good enough as a

generally accepted medium-band speech coding system (15].

However, UPCM is still, potentially, a promising medium—band'

speech coding scheme since it achieves a SNR of about 12 dB
without fully wtilizing the redundant information in the

speech waveform. As described in chapter 1, a set of

+

properly desigsed ctodeyords only allows UPCM® to make

sffactive use of the: non-uniform probability density
Function of the amplitude ofF the speech samples and the
sample to sample depandeacg.

Accounting for the parforménce improvemant, a
redundancgrraducing tschniqua.in helping UPCHM to utilize the

.

-~/
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othar redundanciss Cdependangies) in the spesech waveform is

desirable.

.

Before the discussion of a suitable redundancy reducing
technigue for WUPCH, it is helpful to review tha redundant

information (dapendencies) in tha spesch wavaform.

3.3 Redundant information in the spesch waveform

According to [17], the speech waveform dependencies can

be classified into five categories:

Cid Non-uniform probability density function of the
amplitude of the speech samples

(ii) Sample to sample dependency

€(iii) Cycle to cgcle dependency (periodicity?

(iv) Pitech pe}iod'tp pitch period dBpenaencg

(v Inactivity factors (speech pauseST

Since only (ilil) and (iv) are related to the
development of the first extension of UPCM, only (iii) and
(iv) are to be reviewed,. ‘

Human speech sounds are often classified into tuwo
distinct classes according to thgir mode of excitation. The
fFirst class is the “voiced”’ class éf sounds which are

—Produced by Forcing air to flow From the 1lungs into thae
vocal cords so that the vocal c;rds vibrate in a relaxation
oscillation. Such a vibration of the vocal cords, therefore,
produces gquasi-periodic pulses of air to excite the vocal
tract. The interval between every two air pulses is referred
to as the "pitch period”. An example of a voiced speech

waveform is shown in the voiced region VU of Fig. 3.2. The
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second class of sounds is the Ffricatives or “unvmicsqﬁ'
sounds. Unvoiced sounds occur as a result of continuous air
Flowing through the vocal tract constricted at some point to
gsnerate-air yturhulance. Because of the turbulent Flow of
a2ir, unvoiced speech waQéFDrms are much more random (noise-
like) than wvoiced speech waveforms., AN example af an.
unvoiced speech waveform ié shown in the unvoiced region U

et

of Fig. 3.2.

ag the vocal tract movement is relatively slow compared
‘to the pi;:h\pericd‘_(the rate of excitation of the air
pulses}, the shapes.gf the vocal tract are vary similar to
one another over several pitch lpericds. - Thus, a voiced
speech waveform displays a "long term” repetitivs patterﬁ as

compared to the duration of a pitch periocd. This repetition

in the speech waveform is referred to as the cycla to cuycle

dapendeﬁcu. In contrast, unvoiced sounds do not exhibit the
L
cgcle_to cycle dependency becauvuse o©f the bruad:spectrum

noise~like excitation source (the turbulent fFlow of airl.
Because of the guasi-periodic air pulses, the pitch

periods are very close to seach other. Such . a similarcity

amogng_the pitch periods of veoiced sounds is referced to as

pitch period to pitch perigd dependency.
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3.4 Redundancy reducing technigue For UPCHM

As discussed in section 3.2.5, UPCM is not ahbhle to
exploit the cgéla to cycle dependency, the pitch period to

pitch period dependency and the speech pauses. Thecrefora, a

useful redundancy reducing technigue for UPCM should be able
to exploit at 1least one of these redundancies in the
information.

As shown in Fig. 3.2 , the .shape of a speech cycle (the
spasch wavéform in a pitch period) is identical to that aof
the other speech cycles of the same voiced sound. Further,
in the wvoiced rsgion U, the duration of a speech cycle is
almost the same as that of its adjacent cycles. However, the
cycle to cucle ensrgy variation is more than the variatiaon
of the duration and the shaﬁe of the spsech cycles. Hence,

the vectors {(a speech cycle contains many vectors) which are

‘one pitch period apart from each other are with similar

"shape” but different energy. As thé energy of a vector
represents the sguare af its distance in the Euclidean space
From the arigin, the locations of the vectors in  the
Euclidean space are different from speech cuycle to speech
cycle. Furthermaors, thalLBG algorithm ”recogniies" only the
dependencies among vectors by "grouping” those vectors which
ars "close” to each other in the Euclidean space. The
codewcords being designed wsing the LBG algorithm (an
iterative clustering algorithml} can hardly utilize the cycle

to cycle depandency. Thus, UPCHM considers and encodes each
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speech cycle independently without sxplaiting the cycle to
?gclaLﬁethdsncg. -

For the ‘purposa of exploiting tha 'cycle to MYcle.
dependency, each speech cycle shall gg‘ncrmalizad such that
the vactmrs.lnf a speech cycle ata'”léggtad closely”, in thé
Eubliﬁsan space, to thoss of the other speech cycles which
belaong to the‘samé voiced sound. To achieve this, =sach
speech cycle shall be normalized by its an maximum sample
magnitudé such that the highest energy vector from each of
the speech cycles are guaranteed to be "placed clnasely” in
thé Euclidean 'space. Since unvoiced sounds do not exhibit
the cycle +to cycle and the pitch period to pitch pericd
depshdencieé, thay do ‘not nead to be normalizsed.
Furthermomﬁ, since the normalization factors can ba called
fha gain-¢ferms of ‘tha speech cycles, the normalization
schems tdgether with UPCM can be called the Gain separsted
Voiced sound UPCM (GU-UPCMY. A block diagram of GU-VUPCH is

shown in Fig. 3.3.

The normalized voiced sounds togsther

normalized unvoiced sounds then act as the source input to

the Full saarch vector guantizerc in GU-UPCH., The

normalization factor (maximum sample. magnitudel of sach

speach cycle togsther with the indexses of the nearest

neighbours are  transmitted to the receiver. At the receive

and, the raconstructed normalized spesch.  1s sxpanded

according to the received normalization factors.
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Note that the sampie amplituda of the normalizéd spaerch
cyclaes from all voiced sounds is bounded by 5na. Hance, the
vacturs‘mé the normalized ' voiced sounds are all located
inside a bounded region in the Euclidean space. Theraeforse,
the vactor gquantizer in UPCHM is able to exploit not only the
cycle to cycle dependency but also the possible dapandenb&es
that exist amohg.the normalized spesch cuycles of different
voiced sounds. |
Finailg, as GU-UPCM is the .first attempt for the
utilizatian g% depandeaciBS'in UPEH, .igs deveiupment is
‘discussed in detail in the following secgion. Section 3.5 is
rathar long. At first reading, I recommsﬁd that the reader
concentrate only on the structure and on .the simulatian
results of <.BU-UPCM and G-UPCM (a simpiified varsian of GU-

UPCMD .

3.5 Development of GU-UPCH

Baséd on the previous discussion Df GU-UPCM, thers ars
three problems that - afisé fFrom using GU-UPCHM:
_ voiced/unvoiced decision, pitch period detection, vector
Formation and the bwffering scheme needed for Eixad-fats
tfansmissian. Since unvoiced sounds are not normalized prior
to vector gquantization, the spgach_input to GU-UPCHM must be
clasgified as either voiced or unvoiced.

Pitch period detection must be employed for thé
sglection of the speech cycles from voiced sounds. The
maximum sample magnitude (normalization factor? of Bsach

speach cycle can Bs found only when the speech cycles are
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. _defined. In addition, the normalization Factor and the pitcﬁ
period of esach spesech cycle must be transmittsé to  the
.récaivar For spesch racnnstructiun;

The problem of the vector émrmation is created because
of the pitch perind detection and the sgn:hfunizatiun
requirements. For the synchronization requirement, the
sncoded speech should be .transmitted on a cycle by cuycle
lbasis. Each sncoded speech Erams‘(tha encodad spsech cycla)
must provide the Lﬁﬁs;maticn about. the normalization factor,
the pitch pa}iod and the indexss of the nearest nsighbour;
of the norﬁalizsd spéach cycle. Since the vector dimension
is a fixed quantity Ffor a given vector €«quantizer and the
pifch-pariod is tims—varing,‘a non-integer numbsf of vectors
occurs insids a singls pitch period. This 1is wvery
uﬁdasirabie as vector quantization cannot ba‘ applied to a

"partiél.vactcra_(a vactor with a dimgnsicn smaller than the

daf ined ;actor dimansion of a given vector guantizerl). A
mathod tﬁ dsal with thae.resulting partial vector is to use
the "ovarlapped speech cycle” shown in Fig. -3.4%. Each
Bncndaq spaech frame (the encoded overlapped speech cycle)

must praovidse tha infaormation about twg normalization

Factors, &ha overlapped pitch pericd and the indexss of the
neareast nejghbours of the overlapped speech cucle.

Finally, becausa the pitch periods typically last fFrom
Sms to 20ms for men and fram éiSms to 10ms for women L1737,
the averlapped spesch cycles also rasult in variahla-lsngtpz

Therefore, certain buffering schames would nesd to be
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1mplemant§d if transmission is aver a Fixed-rate channgl. In
addition, since no ;ide information '(ﬁhé norméiization
Factors and tﬁs pitch periods) is required for unvoiced
sounds. appfopriaté buffering schames 'must he implaments?
avan théugh " tha vmi:aa sounds rasufﬁ in Fixed-langth
overlapped spesch cyclss.

. It is clear that GU-UPCM reguires more computaficn tgan
UPLCH, fhe computations that are required For the
voiced/unvoiced decision, the_pitch pericd dstecticn, the
normalization Factor detection, the | cycle by cycle
normalization,? the Luffering scheme for fixed-rate

transmission a;h the cgcier by cycle sxpénsimn are almost
‘mguivalent to that of the pitch-excited linear predictive
coding [(28]. Therefore, the total computation complexity
(includes }he ccmpgtaticn of wvector quantizatiDnJ of GU-UPCHM
igs greater than that of the pitch-excited linsar predictive

coding using vector gquantization {337,

There are two questions arising before the Ffull

development of GU-UPCHM. Jhe first is thsfparformance of BU-

UPCH. -Because of the huge computational requirement, GU-UPCH

is practically wuwseful only if it performs significantly

better than VUPFEM, The second guestion is whether thse
computation ccﬁplexitu OE’GUEUPEH can be simplified without
severs pérformahce‘degradatipn. Only a simﬁlifisd GU-UPCH is
\\EEET?;E\\s;nCB the projectsd speech ‘coder must be
implementabla.@? _ T SRR
; .
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3.5.1 Performance of GU—UPCM.and UPCM in simulated speach

BU—QPCN is expected to outpafform UPCHM hy exploiting
the cycle to cycle daéaﬁdancg of the speech waveForm. In
this sectian,:bmth GU-UPCM and UPCH mére designed and tested
on simulated speesch in order to find guantitatively the
perEormanda improvement aphie?e?. The performance of GU-UPCH
and UPCHM weré“measured Bg the SNR and the 'segmental signal
to quangizatioﬁ noise ratio (SEGSNR). The SEGSNR is defined

as ' . _ :

L . ‘ A -
SEGSNR(dB) = the averagesd value of the short-time
SNR’s(dBJ) over the nan-silence portions
" of a test sequence.

-

whare a _short—time SNE(dBJ ﬁs the SNR(dB)Y aof a speech
saément. Tﬁe length of the speech - segment is not
_standardized. In certain Spsech coﬁing systems which encode
speech ﬁn a frame by Eréme baéis, the length of the spéech
segme?t is wusually set” to be eqgual to the length of the
sﬁesch Frame [221.

Unlike the SNR which tends to be unfair to low energy
segments, ﬁhal SEGSNR assigns more equitable weighting fc
highdgnefgg ;énd {ow enerég segments. Therefore, the SEGSNR
is a béttsfiﬁarfmrmance. indicator than ﬁhe SNR. Also, ths
SEGSNR is Found to correlate better with -the subjective
qu?litg of spsech than the SNR [16].

As unvoiced sounds do nd;lexhibit the cycle to cgclen

dependency, only the performance of GU-UPCHM and VPCM on

i

E-"
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Qci;ed scundé are of infarést. zpus, anig Gnidad-suuads are
raquitTegd as tha training saduanca for codebook dasign.

Usually, the spesch synthesis model is able to generate
ﬁnlg the voiced sounds while rsal speech aluways consists of
voicaed snunds; unvoiced sounds and sileance. Simulated spesch
offers a direct. géneratian of ﬁhs required training
éaqusnce. Besides, the pitch period is one of the parameters
for the synthesis of voiced sounds and it can be ccntrﬁlled

- “
such that no partial vector occurs inside any single pitch
period. Thus, the problems of the pgitch period detectian,
the vector Eormatipn.and the buffering scheme, diséussad—ét
the beginning of section 3.5, are eliminated when using
simulated speech.

| The mnlg requirement of the simulated speech is the
repetitive pattern (the pitch period to pitch pericd.énd the
cycle to cycle dependenciss) and, the different energy
assignments for different voiced sounds. A simplified voiced
spesch sgﬁthssizer is shown in Fig. 3.5 and the details of
this maodel are given in Appendix A.

A éimulatad speech, genserated by ths model in Fig. 3.5,
of about. 1.35 ssconds_(lOBOO samples) was used fFor codebook
design. The simulatsd spasch; consisted of 15 differant
voiced sounds Bach with a Fixed pitch period of 10ms (a
:tgpical pitch pericd of male speech), was equivalently
sampled at BkHz. Each voiced sound was generated according

to its Fformant frequencies (Fl, F2, F3) and amplitude Av.

The duration of sach voiced sound was 90ms (a tghicai voiced

»
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pitch period Av FlF2 B3 a’
MULﬁ‘?IE Gll;gg'sré\L VOCGIE RADIATION | discrcte-timc
GENERATOR MODEL MODEL MODEL 1 yoiced speech

Fig. 3.5 Discrete-time model for voiced speech production

F1: the first formant frequency Av : amplitude control

F2 : the second formant frequency  a': radius of the lips opening
F3 : the third formant frequency ’

PHONEME OF THE Fl S ) B3 Av

VOICED SOUNDS (Hz) (Hz) {(Hz)
I 350 2300 3340 90
E . 440 2134 2780 100
EE 400 1825 . . 2400 100
AE 750 1650 2255 . 125 |
A 755 - 1180 " 2610 110
ER 500 1500 2800 100
AW 550 900 2500 120
0 480 900 2490 150
U 325 795 2420 120
W 260 680 2320 - 40
R 515 1220 1950 70
IL - 300 1300 3000 40
Y 320 2120 3100 90
LH 280 1450 1600 100
L 460 1500 2550 40

Table 3.2 The parameters of the voiced sounds for production. After [31]
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sound lasts apprcximetelg 100ms [17]1 ). For each of the
voicetl"sounds, the duration of each speech cycle was sat to
be 10ms and. the energy of the spesch cycles was controlled
by the radiation model with different a’ (the radius of the
”lips opening”) wvarying from 0.S5cm to 1.3cm. The paramster
a' was varied from speech cycle to speech cycle.

The Ffaormant Frequencies and the amplitudelef the voiced
sounds are shown in Tebie 3.2. Theee:data ere chtained From

£311.

The vector dimension of GU-UPCHM and UPCM " was again .

selected.as eibht (k=8). However., the size of the codsbook,

N, was selected as B4Y . because 0of the relatively short

training seguence (10B00 samples). The B4 codewcrds af the

B-dimensional GU-UPCM and VUPCH were desigred using the LBG
algorithm based on the unweighted squared error distcrtion
measure together with the splitting initialization and a
canvergence threshold of 0.005. The narmalization Factors
were not quantized. Finally, for the calculstion of the
SEGSNR, the 1length of the speech segments was set to be
equal to the length of the speech cycles. Each of the speech
SEQments was set to be 10ms. ihe simulation results are

shown in Table 3.3.

k=8
No6s | SNR(dB) | SEGSNR(dB)
VPCM 11.65 9.65
GV-VPCM | 13.52 14.27

Table 3.3 Simulation resuits (simulated speech)
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Fraom Table 3.3, the GU-UPCHM outperforms the UPCHM by an
increase of 1.B87 dB in SNR and an increase of 4.62 dB in

SEGSNR. Sincs the S5EGSNR correlates better” with the

-subjactiva quality of speech, the. "spsech” output of the GU-

UPCHM is axpected to "scpnd”'battar than fhaf of the UPCH
even though their SNR's differ only by"1.87 dB.

Considering tha performance of the UPCM, the resulting
SEGSNR  being 1owef thamn the SNR, indicates that the

resulting short-time SNR of the relatively low energy speech

' cycles is lower than that of the high energy speech cycles.

On the contrary, the GU-UPCM achieving a2 higher SEGSNR. than

the 5SNR suggests,thét the resulting .short—time SNR of éhe
low energy speech cycles is comparable to that of the high
energy spesch cycles. Such an "equal treatment” between the
low energy and high energy speech cycles aoffered by the GU-
UPCHM can be explained by recalling that the vectars of all
the normalized speech cycles fall inside a bounded region in
the Euclidean space (section 3.4). ;ll of the odewords
bei;g designed using the LBG aigarithm are locatbd inside
the same bounded region as the vectors of all the normalized
speech cgclgs; Since all the speech cuycles (voiced sounds)
are of similar statistical characteristics (section 3.37,
the low energg speech cycles are not "discriminated” as in
the UPCM, Therefaore, the dapendencies";;aﬁg the nmormalized

speech cycles of different wvoiced sounds (section 3.4%) are

shown to be utilized by the GU-UPCH.
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Considering the wutilization of the cycle to cycle
dependency, the GU-UPCM does not appaéb_ to-be afficisnt.
Sinca the SNR is strénglg influenced by tha high energy

speech segments, the relatively high energy speech cycles
such as those From the sounds "AW” and 0" in Table 3.2 ars
assumed not to be significantly better coded by the GU-UPCH
than hy the UPCHM. In other words, only & "little”
improvamént is achievables by using the nnrmalization scheme
to utilize the cycle to cycle dspendency.
| As 8 conclusion, BU-UPCM 1is better than UPCH in the
gsanse that it is capable of utiliziﬁg the cgcle‘ta cycle
dependsncy and thé depesndencies among different voiced
spasch cgclas.- Sincae the SNR doss not indicate whether the
low energy speech segments are well or ppcrly coded, the
QEESNR appears to be a more suitable parfprménce measure for
GU-UPCM., Finally, GU-UPCHM is considersd to be useful as it
contributes to a 4.62 dB improvement in S5EGSNR.

+ In the following éscticns, a study on simplifing GU-
UPCH and the parfcrmancé.uf the simplified GU-UPCHM in real

spesch data are discussed.

3.5.2 The methods of simplifing GUY-UPCHM

As discussed in section 3.5, the main computation
componants that are required for thae normalization sqhems in
GVU-UPCM ars raspectively dus fc the voiced/unvoiced
decision, the pitch period dstection and the buffering
schame for the transmission of the encoded variable—~length

speech. segments. The simplification of GBU~UPCM can bhe
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realized either by reduc;ﬁg the computation complexity of
the stated reguirements ar by simplifing the norm%lizatibn
scheme itself.

From the . preliminary results of GU-UPCH (section
3.5.1), tha SNR improvamant achisved by the utilization of
the cycle to cgcle dependency using the'normalizaticn scheme

" ‘
is not significant. Theéafure, the required normalization
scheme can be modified such that only the dapende cies among
the normalized speech cycles of different voiced sounds ars
utilized by BGU-UPCM. As a conclusion, the simplification of
G-UPCH is Focussed on the normalization scheme.

Recall from section 3.3, the waveform aof a voiced sound
is approximatelg a "periodic” signal which resulted from aone
single speech cucle reﬁeating itself periodically. This is
true only For a voiced sound that eﬁhibits strong pitch
period to pitech periocd dependency. However, because of the
relaxation oscillation of tﬁe vocal cords, strong pitch
period th pitch pericd dependency can always be expected
fFrom voiced sounds. Only the voiced sounds that are spokan
by nervaous or ErightEﬁad speakers whose vocal cords change
the oscillation frequency rapidly, exhibit weak pitch period
to pitch period dependencg.‘ Therefore, the narmalization
schame, mhigh is required to normalize the voiced sounds
cucle by cycle, can be implémented using fixed-length speech
segments with a segmsnt—lengtH approximately equal to the

duration of a speech cycle. Since the pitch periods change

from speaker” to speaker, the fixed-lsngth speech segments

&6e
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may cover more than one speech cycle For “high pitch”
gspeakers and lass than one spsech cucle for ‘Jlam pitch”
speakers. Thereforae, the cycle to cycle dependency may not

be utilized as much as the original normalization schems.

- However, the Fixed-length spsach segments normalization
scheme is remarkable as it ddes not require the pitch period
detection. The selection of the langth of the fixed-length
segmant will bé given in section 3.5.3.

As discﬁssed in section 3.5, the Ffixdd-length speech
segmant normalization schame does raquire the
voicsd/unvoiced decision and appropriate buffering scheme if
it is: applied only to vbicedﬁ sounds., The voiced/unvoiced
decision and the buffering schaeme canfbe eliminated only if
unvoiced sounds are alsa nqrmalized in the same manner as
the voiced sounds. Howsver, the normalization of uﬁvmiced
sounds may lead to performance degradation of GU-UPCH,
Therefore, similar to the fixed-length speech segment
normalization scheme, the normalization of unvoiced sounds
is anctharlcmmprnmise between the computation complexity and
the pqrformance of GBU-UPCH.

Unvoiced sounds are noisa-like signals, and r©emain
noise-like after normalization. By Forcing their vectors to
be placed cliose to the vectors of voiced sounds in  the
Euclidean space, the LBG algerithm may not be able to
recognize and exploit tﬁé cycle to cycls dependency (section

3.4). Therefore, a GBU~UPCHM that normalizes voiced sounds as
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well as unvoiced sounds may not be able to utilize the cuﬁia
to cycle dependency.

Not surprisingly, there are advantagses from nnrmalizing
tha unvoicad spunds. Easicallg, thare ars two'advantagas:
computational reduction and dependsncy wtilization. Tha
computational rsductibﬁ‘is\ghg saving of the voiced/unvoiced
dﬁﬁision and buffering‘schamé. The dependancg\ utilizatiuq
is: the vectors of the normalized voiced and unvoiced soundé
are all bounded by the same region in the Euclidean space,
thereby allows the wvector guantizer to Qtilize any
dependency that exists betwsen the vectors of the normalizsd
voiced and unvmicad-sUunds (sactibn 3.4). For instancs, thse
waveform envelopes of those voiced sounds with low Fl's and
high Fé’s, F3's (such as the "I” in Table 3.2 and the
waveform in the right-hand side of the rsgion V in Fig. 3.2)
are noiss-like signals [303. After they are normalized,
their envelopes are still noise-like signals. Thersfore,
thaif normalized vectors are similar to thé normalizad
unvoiced spesch vectors as they all coms from a source with
a noise-lika waveform envelopa. Haﬁcs, there ars certain
dependencias that exist betwsen thé_ncrmalizad unvoiced and
the decribed voiced sounds.

As a summary, because of tha; pitch period to pitch_
period dépandsncg, the pitch psricd detection can be
gliminated by using fixed-1sngth apeasch ssgmaent
normalizaticn acheme. The pricg to pay for that is the

resulting weaker capability in utilizing the cycle to cycle
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dependency. For the elimination of the Qoicéd/unvoicad
‘decision and buffering schems, the normalization of unvoiced
sounds appears to "have tuo rconflicting effects on the

resulting performance. .~ The Ffirst: 1s the performance
degradatinn which rasults because the cycle to cycle
dependency are not effectively u%ilized. The second effect
which is caused by tha,utilizétinn of the dependencies that
exist- batween the,hormalizsd voiced and unvoiced spaeesch
'vactcrs, tends to improve the resulting pecformance. IE the
pitch period detection, the voiced/unvoiced deﬁisimn and
buffering scheme " are all eliminated through the methods
stated above, the simplified BU-UPCH-will not be able to
utilize afésctivalg the cycle to cycle dependency. Howsver,
the simplified GU-UPCH is able to ut;@iza the dapéndsncias
betwean tha normalized veoiced and unvoiced spesch vectors.
These dependencies are not possibly utilized 59 UPCH and GBU-
UPEM.

As a conclusion, the selected method of simplifing GU—
UPCM is a modified normalization scheme which normalizes the
speech input (voicsd‘and unvoiced) over fixed-length spesch
segments. This method allows a significant reduction 1In
computation complexity and countsracts the resulting
performance degradation by exploiting the dependencies which
are not possibly utilized using the original normalization
schems. Moreover, as unvoiced sounds are alsc normalized,
the simplified GU-UPCM shall be called the Gain separated

UPCHM (B-UPCM). Similar to GVU~UPCM, the structure of G-VPCH
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‘is the same as GU-UPCM except the length of the sagmanﬁs is
a constant and unvoiced sounds are also normalized” The
souree input to the Full search vector quantizarlin G~UPCM
is the nmrﬁalized speech which intludas.voicsd and uﬁvciced

sounds. A block diagram of G-VUPCHM is shown in Fig. 3.B.

3.5.3 Selection of the segment-length of G-UPCH

- As thé pitch perind‘ of speakers ranges from 2.5ms to
20ms, an arbitrary fixed-length segment caovers either more
than one speech cycle or less than one speech cycle. The
1ength of the required segments, tharefore, can be sset
arbitrarily between 2.5ms and 20ms.

Since the normalization factors (the side information
of each segment) must . bs transmitted to the receiver, the
transmiséion rase of the normalization factors.mill be high
if the length of the segments is'verg short. For the purposs
of minimizing this tranémissimn' rate, the length of the
segments should be as long as possibls.

However, the longer the ségments, the longer the delay
time of the system (encoder and decodsr) and the higher the
prabability of the occurrence of the transitions of
Qmiced/unvoiced sounds and of different voiced sounds. Also,

the energy of voiced sounds varies as much as 300% of ons

another (Table 3.2) and diffserent energy voiced sounds
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require different '@ normalization Factors. A single

*

normalization fFactor is mot adseguate For the normalizatian
af the segﬁénfs g;at inciude tha stated transitians. Hence,
to écpmunt for minimizing the _pccurcsenca of the  stated
.Eransitimns in segmeants and the coder delay, tha length of
the segments should be as short as possible.

Based on the above discussign, a length of 10ms is

selscted to be suitable For the sagments of G-UPCHM. It is

short ~  enough For the ‘classification of
voiced/unvoiced/silence spesch. £231, therehby the 10ms
sagmeﬁis almost do not include the ‘transiticns of
‘voiced/unvoiced sounds and different voiced sounds., In

addition, the transmission rate of the side information is

only one ﬁgggﬁetep for svery 10Oms.

o

3.5.4 Quantization of the normalization Factors

For the purpase of computation, the encoding process of

the vector gquantizer in G-UPCH must be handled by digital

circuits., Likewise, the seléction. aﬁf the normalizatioq
Factors and the normalization of the corresponding speech
segments must be done d;gitallg. Therefore, the’ . speech
samples must be digitized prior to normalizatian,.

As 1s generally accepted in the literature and in
practice, linear gquantization (A/D) is the only digitization
scheme awvaililable For spesech samples. Therefore, the
normalization Factors wmust, firstly, be gquantized through a
given A/D. By learning the statistical chératsristics of tha

normalization factors, certain non-linear guantization
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schemas that ‘puarform ‘better (less qumntizaﬁion noise) than

the linaar'quanﬁizar (A/D) are possible.

Housver, the transmission rate is aonly 1 normalization..

_fmctor For avery 10ms and the. A/D of the ‘nnrmalization

factors doas not require any extra computation whicH is

nacassary when using the neon-lingar quantization schemss,

minimizing the required ttanamission rate throught a non-

lineer guantizer is not a good solution. After all, a saving .

of 1 niyvon quan;izind'.tha normalization: factors |is

equivolent o 8 smving  in  only. 100 bits/s -of the

dcrfsspéhding transmission bit rate. Such a gaving in the

transmission bit 'nage‘ can bs neglected in medium-band

° (trensmission bit rate ranges from B kb/s to 16 kb/s) speech

coding sustéms. Thus, onlgl'tha linear quanfizer (R/D) is
good snough for ths quantization 6? the normalization

Factors. : T

3.5.5 Iransmissjion bit rate of G-VPCH

Frch-ﬁha previous sgction, the spesch samples are

.

,digitizéd for dlgital computacion, 'For tﬁe purpase of.

¥

' computational qccurécu, a minimum wordlength of either 12
bits or 15 bits is necassary. Thereforse, the speech samples

) 5 . A . . .
should be digitized either through = 12 bits A/D or a 1B

bits A/D.
As .the wordlength of most of the Digital Signal

Processors (OSP) ang miéro—procassoré’is 16 bits, a 16 bits

& ‘

. R{D 1= gusumed for  the quantization‘ of the normalization’

2 S

V_;.

W+

s—,
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factors. Therefore, pha transmission bit rate of thae
normalization factors is 16 bits for every 10ms.
As discussed in section 3.2.1, the transmission bit
rate of the vector quantlzef in G-UPCH, R, is
logpN

R F bits/sec
k

Therefore.'the overall transmission bit rate of G-UPCH, RB,

15

logaN o L
Rg = ————— * f_ '+ 1600 bits/sec ¢28)
k. . 3 :

. -

3.5.86 Pefformance of G-UPCN and VPCM in real spesch

As discussed, 1In section 3.z, an interesting

transmission rate of UPCM is 1 bit/sample: the transmission
. L ] .

rate of the vector qupntizer in G-VPCH, therefore, is also 1
,the distortion measure, the vector

dimension and the size of the codebook in  G-UPCHM are the

same as that in UPCM, As a result, the parameters of the

o

;
desired §-UPCM and UPCHM are shawn 1n Table 3.4,

Similar to” ;hé simulation of section 3.5.1, the
perfgrmance of the G-UPCM and the UPCN were mgasurad by the
SNR and the SEGSNR.i The segment-length for the calculation
of the SEGSNR was éét Bqual _to the- length of the speech
segments of the G;UPCH. The classiffﬁatlon of the silance
ésgments (spsech ‘segments include silence spesch only) was

-

carried, out through tha log energy ‘maasure
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G-VPCM - VPCM

Distortion measure

Unweighted squared error
distortion measure

bit rate

Sampling frequency 8 kHz

Length of speech segments 10ms - N/A
Number of codewords 256
Tranemision e of L ivsampl

“ihe nomalizetion facias L6kbls N/A
Overall transmission 9.6 kb/s 8K

Table 3.4 Parameters of the selected G-VPCM and VPCM

k=5 Train. mode Test. mode
556 SNR | SEGSNR | SNR | SEGSNR

N=25 (dB) (dB) (dB) (dB)

VPCM | 11.60 | 1041 12.24 9.96

14.60 - | 12.68 14.55

G-VPCM | 10.96

o

Table 3.5 Simulafion results (real speech)
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(Appendix B)., The training sequence and the tast ssquence
described in section 3.2.4% were used for the dasién and ths
tast‘nf the codebooks aof the G—UPCH and the UPCM. The
codebooks were designed using the LBG algorithm based on the
unugighted sguared error distmrtion measure together with’
the.éﬁlitting initialization énd a convergence tﬁfeshold.of
0.005. The simulation results are shown in Table 3.5.

The results obtairmed with respect to the training
sequence and the test seguence are shown in the columns
Traiﬁ.mode and Test.mode, respectively. These results shDQ
the usefulnaess of the designed 'qodebooks. Since the.
statistical characteristics of £he normalized sﬁeech (the
source input '~ te the vector guantizer in G-UPCHMD aré
different from fhcse of the original speech (the source

input to the vector quantizer in UPCMJ, the trajining

-

sequence, which 1is long enough for the codebook design of
the VUPLCHM ‘(sectian 3.2.4), mag not be long ernough for the G-
UPCH. |

From Table 3.5, the resulting SNR of the G-VUPCHM that is
obtained using the training Sequence‘is very close to the
one cbtained using the test sequeﬁce. Thereforg, according
to section 2.3, the trdining sequence is also long enoygh
For the codebook design of the G-UPCH, |

From the resulting SNR, the G—UPCH‘is inferior to the
UPCH b; 0.54 dB with respect to the training sequence. Using
tHe test sequence, the raesulting SNR//UE\thB G-VPCHM 1is

sdperior to the'UPCM by 0.4 dB. Therefore, based on the
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resulting SNR, the G-UPCM is not better than the UPCH.
Hence, the ralativs%g high ansrgghspaach segments (typically
voiced speech sagmangs) are ccdad,lapprnximatelg, egqually
»well” by the G-UPCM and the UPCHM' (section 3.5.1). Hance,
the capability 'DE the G-UPCM is about the sams as that of
the VPCM in utilizing the. cycle to cyclse dependency (sectiaon
3.5.,1). _

Considering the resulting SEGSNR; the G-UECH is
superior to the VPCHM by 4.139 dB in Yrain.mode and by %.SS‘dB
in Test.mode, 'Thérafmre, the relatively low energy speech
segments Cﬁgpicallg. unvoiced sounds) are' . better
raconstructad by the G-VPCM." This is expected because the
dapendendiéE betwsen the normalized voiced and unvbicad,
sounds are exploited bg- G-VPCM hut not by VUPCM (section
3.5.2).° | i

As a  conclusian, Ehe G~UECH'achievés. a SEBGSNR higﬁer
-than that of the UPCM by utilizing the dependencies petueanl

/ 2 .
the normalized voiced -and unvoiced sounds while disregarding

tha cucle to cycle dependencg; Thérefore, the speech output
of the G-VPCHM 1is assumed to be subjectively bqtter than

that of the UPCH.
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3.6 Conclusion and discussion of GU-UPCH and G-UPCM

Based on the simulation results from section 3.5.1, GuU-

UPCM doss  owutpecform UPCM, in the ssnse of ths higher SNR

and SEGSNR resulting, by exploiting the cycls to cuycle

dependency and the dependencies amang the hormalizad spasach

)

cycles of different voiced sounds. Houwever, the extra -

computational reqguirement t%at results TfTrom uwusing the
normalization scheme in GU-UPCM is very demanding.

G-UPCM, a simplified version of BU-UPCM, is then
introduced to attempt to reduce computational cohplexitg. As

desired, the computation of the modified normalization

_scheme in G-UPCM is substantially less than that- of the

original nmfmaiizatfan in BGU-UPCM. The price to pay for tﬁié
computaﬁianal reduction. is the lack of thg cépahilitg n
utilizing the cycle to cycle dépehdencg.'HDQevér: based on
tHe simulation -reéuLts from section 3.5.5.-G-QPEH'15 still
able to héve a DEGSNR thigher than that DF. UPCH by
exploiting the dependencies between the normalized wvoiced
and unvoicéd sounds. Thefefcre, without the direct
comparisqn betwean GU-UPCM and G-UPCH (both of ghe samg
vector dimensién and codebook size),'bne can conclude that
QIELJ—UF’[:M is superior to G-UPCM with raspect to ;ths SNR
measure. As the normalization\ scheme in G-VPCM is simpler,
in the sense of computation copplexity, than that in GU-UPCH
and G-UPCH is shown to be batfsr than UPCM by an ingrease of
approximately S dB in SEGSNR, G-UPCHM 1is chosen to replace

GU-UPCH.
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In théA subsequent sections, an adaptive technique is
introduced to attahpt to “recover” the capability of the

cycle to cycle dependency utilgzation of G-UPCH.

Vs

ol
3.7 Adaptive technigus for G-UPCH
Recall that through the normalization of the segments

of voiced and unvoiced sounds, G-UPCM losses the capability
of utiliziné the cycle to cycle dapandéncg but gains in
axploiting the dependencies bat@aan the normalizad yciced
and unvoiced socunds, es' anly the_ voiced sounds whoss
Qavefdrm gnvelopes are neoise-like sxhibit dependencies with
unvoiced sounds after normalization, G-VUPCH is able to
axploip-thass .dspsndenciss by Qsing angthar codebosok Ffor
only the‘~ncrmalizsd sagmants aof these‘ voiced sounds and
unvoiced sounds. If the input spesch of G-UPCHM can be,
saomehow, classified and ssparated in a way thaﬁ only
unvaiced -spunds and the wvoiced -sounds with noise-like
wavaForm envelopes belong to one class while the rest of. the
volced sounds belong to ancother class(es), G-UPCHM will he
able to wuwtilize the dependencies bstmseé the normalized
voiced spunds (thosea with noise-like waveform envelopes) and
unvoiced saunds. Hofaovar, the cycle to cycls depsndency can
be utilized by wusing different 'codebooks for different
classes of speech.

The adaptive technique developed by Cuperman [3,22]
appaears to be suitable for the realization of the stated
classification and sseparation schemes. As thse adaptation of

this technique .is realized by making use of a set of Fixed
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codebooks rather than a tima—vargind codebook, this
technique is more meaningful to be called the Fixed adaptive

technigus. Iﬁis technique is dascribed in the following

saction.

3.7.1 Fixed adaptivs technigue

The Fixed adaptive ﬁschniqus is parformed n% a sagment
bg segment basis. Each spsech saggsnt is classiélad, based
on the snergy a%d the unit delay ncrmalizea autocorrelation
caaEFicsnt_aE the current speech ssgment, into one of threse
classes. Associated with these thres classes are %hrae
distinct codebooks, all of which afe optimized for the
particular class to which they belong. The vectors in qps
currgnt speech segment are coded with the codebaook which
corresponds to this speach' sggment., The class
identification, which requires Dﬂlg. 2 bits, is transmitted
to the receiver as side inéormation of the current speech
segment.

The classifier (the classification of the speech

segments) in [(22] is the fFollowing:

Any speech segment whose (1) and 62 are

£C13>0.94 and 62 >0.25602 belongs to Class 1
0.94>r(12>0.7 and 68 10.25602 belongs to Class 2
r{1)<0.7 _or_éa SO.ESdoE belongs to Class 5

&mhere r{l) =~ the unit delay ﬁormalized autocorrelation

coefficent of the current speech segment.
6E = the energy of the current speech ssegment.

602 = the ansrgH of all the training sequeances
for the ree codebooks,
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The daéign of this classifier was based 6n a sequance
of 1029 segments of spssch, sampled at B8 kHz and digitized
by a 12 bit A/0 converter. The length of sach saegments was

" 7.Sms (B0 samples)., The boundary values, 0.7 and ,O.S& of
r(l) and 0.8560a of 62, were determined such that sach class

contained approximately the same numher of speach segments.
Hsnée; the codebooks of the three classes have equal chance

for the encoding of any input vector.
As & result, Class 1 ¢ r(1) 20.9% and 62 >0.25602)>

tgpicaily consists of voiced sounds “and certain highly

Fl

correlated and high snergy unvoiced sounds such as plosives;
Class 2 € 0.4 >rC1) 20.7 and 62 >0.85602> mostly consists
of voiced sounds; Class 3 ( r(l) <G.7 or 62 <0.256023

typically consists of unvoiced sounds and, certain low
correlated voicgd sounds or low energy silence spesch [22].
Hence, the cycle to cycle dépendancg and the
‘dependencisgs among the speech cycles of different voiced
sounds can be utilized by the G-UPCM together with this
fixed adapt;Vs techniqua, for the input spesch-which beimngs
t5 Class 1 and CElass 2. Furtharmore, bhecause of the noisg-
likse characteristic of unvoiced sounds and the voiced sounds
with noise-like  waveform  envelopes, the r(1), the
corréigiiun of adjacent samples, of these voiced sounds can
ba sxpectad toﬂhe close to that of unvoiced gounds (examples
are given at the .and of Appendix B). Hencs, the voiced

sounds with noise-like waveform envelopes can be expactad to

be classified into Class 3. Therefore, the dependencies
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betwean the normalized voiced sounds with noise-like
waveform and unvoiced sounds can be utilized by the G-VUPCH
togsthér with this Fixed adaptive technique, For the input
speach which belongs to Class 3.

thhnugh more camputation is rceguirsd by thse r(l) and
OF than by the normalization scheme in G-UPCM, this is
negligible when compargd to the computations required for
fhe full search vector gquantizer. About the transmission hit
rate Dé‘ the class identification, only 200 bits/s (2 bits
for every 10ms) is réquired when applied in G-UPCM, This is
almost negligible when compared to the 3.6 kb/s G-UPCH.

To make this fixed adaptive technique applicable to G-
UPCM with é.segment—length -of 10ms, tHe given boundary

values, which are chosen based on the 1029 speech segmants

with sagh segment of 7 .Sms, may nead‘adjustmeﬁt For othsf
speech signals. Therefore, the applicaticon of the fixed
adaptive technique in G-UPCM requires the given boundary
vaiues of (12 ané dE to be wverified by the train;ng
éequence.-lf the resﬁlting classes of speech consist of
different *types of sﬁeech (vaiced; anciced or silencel from

what are desribed previously, a new set of the boundary

values of r(i)_and 62 is necessary.

3.7.P Fixed adaptive technigque for G-UPCH

~

Since the correlation of ‘ad jacent samples is a very
goad measure to distinguish between the voiced scunds with

smooth waveform envelopes and unvoiced sounds 1nclbding the

voiced sounds with npoise-like waveform envelopses, a
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C
classifier ehploging only tﬁe r(l) is adequate For G-UPCH,
Hgncé,‘ the dasired adaptive technique, except for the.
classifiér, is the sams as the described fixed adaptive
technique. -
| As a result, thse desirsd classifisr is the Following:

Any - spesch segmsnt whose r(l) is

r(13>0.84 belongs to Class 1

0.S4>r(1320.7 belongs to Class 2
- r(li<o.7 belongs to Class 3

The boundary values of r(l) were obtained (Appendix BJ,
based on the training sequence desribed in ssction 3.2.4%,
with the ssgment-length of 10ms (BO samples).

Based upon these values of (1), Elasé 1 € r(1) >20.34 2
typically consists of voicéd sounds., Silence speech
(Appendix B) also belongs to Class 1ﬂ Class 2
(0.S4>r(1)>0.7) typically consists of wvoiced sounds and,
csrtain‘unvoiced sounds and silence Spéech‘ (Appendix BJ.
Class 3 typically consists of unvoiced sounds. Certaih low
correlated voiced sounds such as those with noise-like
waveform envelopes also balong to Class 3 (section 3.7.1 and
Appendix Bj. Therefore, the dependencies in each class of
speach are expected to be utilized by thse G~UPCM together
mitﬁ.§his Fixaﬁ adaptive tschniqué. Finally, for thé sake of
idenéification, the \. G-UPCM "that employs this adaptive
technigque will be called the fixed Adaptive G-UPCM (AG-

VPCM) . -
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It should be émphasizad that this Ffixad adaptive
techniqus céﬁ also be applied in UPCHM. As miil be discussed
initha next section, both G-UPCH énd UPCM are made adaptive
using this fixaﬁ adaptive technique and, the adaptive UPCM
is called Q—U%CM. fhe block diagrams of A-UPCHM and AG-UPCHM

are shown in Fig. 3.7 and Fig. 3.8, respectively.

‘3.8 Performance of A-UPCM and AG-UPCM in real spesch

A-UPCM is included in order to find out how the
‘dependancieg in ea@h class of speech are utilized by RARG-
UPCM., The parameters of the two adaptive systems, except far
their transmission bit rates and their total number‘ af
;Ddemmrds (256 codewnrds For sach class of spesch), are the
same as those of the correspanding non—adaptivs sgs£ems. In
summary, the parameters of A-UPCM and AG-UPLCM are shown in
TableVB.E. |

The traiﬁing sequence described in section 3.2.4 was
used for the design of the codebooks fFor "all Fhe three
classes: The training sequence was divided 1into three
individual seguences by the classifier descriﬁsd in section
3.7.2. Each of these individual sequences, then, became the
Eraining équance For the = codebook 'design of the
- corresponding class. However, the training sSEgquencs,
‘cansistéd of only 33840 samples, for Class 3 was found to bs
too short fpr the design éf the B-dimansignal'cddebdck of
256 codewords. Some other seguences, ;pokaﬁ by the samé

speakers of the original training sequence also belong to
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AG-VPCM - A-VPCM

Distortion measure

2
Unweighted squared error
distortion measure

Sampling frequency

8 kHz

Length of speech segments

~10ms

Number of codebooks

Number of codewords
in each codebook

256

Transmission rate of
the vector quantizer

- 1 bivsample

Transmission bit rate of

the normalization factors 1.6 kb/s . N/A
Transmission bit rate of :
the class identification 0.2 kb/s
QOverall transmission
blt rate 9.8 }:(b/S . 82 kb/S

Table 3.6 Parameters of the selected AG-VPCM and A-VPCM

83
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Class 3, uwere combined , into the sequence of 33840 samples.
- &

The resulting  sequance of 80240 samples was used For tha
codebook desigH_ for Class 3. There were no problems about
the length of the training sequences for Class 2 and Class
1. The 1length of the trainlng saquances for Class 2 and
Class 1 wers of 103%20° samﬁles‘and of 1é8280 éamples,
raespectively.

Similarly, the test sequence described in section 3.2.4

was divided, 1in the same manner as the training seguence,

into three individual test sequences. The test sequences for

Class 1, Class 2 and Class 3 were of 48800 samples., 1B240

samples and 35200 sampias. respectively.

Each of the three éodebmoks were desigred using the LBG
algorithm based on the uvnweighted squared errcr distortion
measure together with the splitting initialization, and a
cunQargence threshold of 0.005. The simulation results are
shgun in fable 3.7.

As the wusefulness of esach designed codebook can  be
measJured only Ffrom the simulation results of each class,
only the simulation results of the overall adaptive systems
in Tést.moda aré necessary FfFor the evaluation of the
performance of A-UPCM and AG-UPCM. The discussion of the

simulation results is given in the following sectian.

3.8.1 Discussion of the simulation results
The simulation results of each class will bhe discussed
separataly. Subsegquaently, a comparison between the

performance of A-UPCHM and AG-UPCHM is given,
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Train. mode Test. mode
SNR  SEGSNR| SNR  SEGSNR
(dB) (dB) (dB) (dB)
Class1 | A.vPcM .
- 17.11°  15.65 15.19 14.32
k=8
N=256 | AG-VPCM | 16.73 20.07 16.20 18.08
1 -
Class 2 A-VPCM | 11.73 1024 | 11.67 8.28
k=8 | |
N=256 | AG-VPCM | 11.75 1].86 12.09 12.31
Class 3 A-VPCM | 993 331 | 2.46 2.13
k=8 ‘ ~‘--T'é. '
N=256 | AG-VPCM 7.42 6.24 5.22 5.28
Whole '
. System A-VPCM 1256 1 ]40
k=8 N/A
N=256x3 | AG-VPCM | 13.32 15.15

Table 3.7 Simulation resuits of A-VPCM and AG-VPCM
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(i) Class 1 .
Since thae difference hetween the resulting SNR of AG-

f .
UPCM Iin Train.mode snd in Test.mode 1is only 0.53 dB, the

training sequence of 168280 samples is concluded to be long
enough Eor‘ the codebook design of th—UPCH. However, the
resulting SNR of A-UPCH in Train.ﬁmde and in Test.mode
differs by 1.82 dB. A training sggyencé longer than 159880
samples should be used for the Q—UPCM.I

Considering the result Hg SNR, AG-UPCH ié superior to
A-UPCHM bg. 1.01 dB in Tsst.mode and is inferior to A-UPCM by
0.38 dB in Train.mode. Therefore, the cycle to cycle
dependency is rnot effectively utilized by AB-UPCM.  The
reason for that is ‘;;;-existencg of the unwanted signals
(unvoiced sounds and stlence speech) which do not exhibit
any cycle to cycle dependency.

Considering the resulting SEGSNR, AG-UPCM is Superior
to A-UPCH by 3.76 dB in Test.mode and by %.Hé dB in
Train.mode. Therefore, the.dapendencies amang the normalize&

-
‘speech cycles of different voiced sounds are successfully

utilized by AG-UPCHM.

(ii) Class &

The difference between the resulting SNR of AG-UFCM or
A-UPCH in__Train.mode and in Test.mode is less than G.5 dB.
Thersefore, the 103520 samples training sequence appears toa
be long senough for the codebook design of both AG-UPCM and

A-UPLCH.
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> Considering the resulting SNR, AG-UPCHM is superior to

A-UPCHM by 0.42 dB in Test.mode and by 0.02 dB in Train.mode.
Therefeore, the cycle to cycle dapéndancu is nﬁt affectivealy
utilized by AG-UPCH. The raasun‘Eér that is ageain{due to the
existence of tha silence speech and unvoiced scunds.
Considering the resulting SEGSNR, AG-UPCM is supsrior
to A-UPCM by 4.03 dB in Test.mode and by 1.6 dB in
Train.mode. Therefore, the dependsncies among the normalized

spaech cycles of different voiced sounds are not effestively

uéilized by AG-VPCM (only 1.62 dB increase in SEGSNR is
achieved in Train.model). The raasoﬁ For that is the degree
of dependencies. As the (1) of Clags 2 ranges from O0.94%
down to 0.7,'ths lwaveform of the speech cycles of all the
voiced sounds that belong to this classAyarias a8 lot more

than that of those belong to Class 1. The normalized spsech

: o EE- N
cycle of  diffarent voiced sounds are less dependent on each

-other than that of those belong to Class 1.

(iii) Class 3
The 80240 samples training sequence is undoubtly too

short For the codebook design aof both AG-UPCH and A-UPCH.

IFB resulting SNR of AG-VPCH and of A-UPCM in Test.made are

-~

' different From those of AG-UPCH and of A-UPCHM in Train.mods

by 2.2 dB and by 7.47 dB, respectively. In addition, some of

the codewords designed for A-UPCH .are FfFound to ba the

¥

"copies” of the input speech vsctnfs, thersby "zero

distmrtlmn” results when the input vectors are reconstructed
: =

by "themselves”. The existence of these codewords is mainly
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the reason why A-UPCM "results in a SNR of ;9.83 dB 1In

-
Y

Train.mode and” of only 2.46 dB in Test.mode. Therefore. in
considering tha rgsulting SNR"and SEGSNR,‘ the results in
Test.mode are more trustworthy than those in Trainmmode.
From tha results in Test.mode, AG-VUPLCM is superior to
A-UPLCM bg 2.76 dB inm SNR and by 3.15 dB in SEGSNR;

Therefore, the dependencies between the normalized voiced

and unvaoiced sounds ére effectively utilized by AG-VPCH,.

Civ) The overall system

Considering the overall system, AG-UPCM is superioc teo
A-UPCM by 0.76 dB in SNR and by 3.75 dB in SEGSNR.
Therefore, based on the resulting SEGSNR, 1t ;s assumed that
AG-VUPCH provides better guality output speech than A-UPCH.
However, the SEGSNR improvemant is less than that achiesved
in the non-adaptive system. Approximately a 5§ dB increase in
SEGSNR is achieved by G-UFCM over UPCH. K |

As a conclusion, although HG—UPCﬁ/ is bhetter in
dependencies vutilization than G-UPCM, it is not as sfficient
in SEGSNR improvement as G-UPCM. In the Following section,
ag inter-coder comparison, based on the performance and the
transmission hit rate, is given. After the caomparisan, it

will be eclesar that AG-VUPCM is the best out of all the

discussed coding schemes. N

3.9 Comparison between different UPCM-based systems
g o

Throughout this section, only the performance and the
7

transmission bit rate of each UPCM-based system are of
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interest. The ‘cnmputation complexity of sach UPCM-based
system will be discussad in the next chaptdr. It should be
" smphasized- that only the resulting SNR and SEGSNR obtained
in Test.mode are used for inter-coder cdmparisan. For an
arbitrary speakar, thesa rasults caorrelate better tD‘ thae
"real parformancef Df.eabh UPCM-based system. These results
togsther with the transmission bit rates of the UPCM-based
systems are shpwn”in Table 3.8.

From Table 3.8, AG-VUPCM results in the\highast SNR and
SEGQNR but it also requires the highsest transmissién bit
rate. Also, the systems that rsqulre a higher transmission
bit rate rssulp in higher S5NR an& SEGSNR. Therefore, it is
almost impossible to conclude, based an ths-SNR, the SEGSNR
and the transmission bhit rate, which VUPCH-based system is
better than the others. v

However, if we ' limit ourselves in considering only the
SEGSNR and the transmission bit rate, the best *UPCM-based

system can be found easily. Introduce a performance measurs,

SEGSNR/kb/s, defined as

e

SEGSNR/kb/s(dB) = SEGSNR(AB)/ trardmission bit rate (kh/s)

’

That is, the SEGSNR/kb/ is~the rmalized SEGSNR aof a
coding system with respect to the corraesponding transmission
bit rate. it rqprasents, on the average, the -SEGSNR for
every lkb/s transmission bit rate of a coding system.
Thersfore, it is very useful in comparing different coding

systems with differsnt transmission bit rates. However, ths



SNR@)| SEGsNR@R) | Lmen
* VPCM 12'2? 9.96 8.
G-YPCM 1268 14.55 9.6
© A-VPCM 12.56. . 11.40 8.2
AG-VPCM 13.32 | 1.5.15 9.8

90

Table 3.8 Performances and transmission bit rates of theVPCM-bagsed.systems

SEGSNR/kb/s (dB/kb/s)

T

VPCM 1.25 P
G-VPCM 1.52
A-VPCM 1.39
155

AG-VPCM

Table 3.9 The SEGSNR/kb/s of tt;éVPCM—based systg&ls
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SEGSNR/kb/s is not proportional to the  transmission  bit

. .
rate, thershby it is not applicable for the sstimation of the
SEGSNR of a coding schems at any transmission bit rata.“

Finally, it must bs kept in mind that the SEGSNR/kb/s is

definsd for comparing the UPCH-based systems. It is not a
brpvéndperfurmﬁnce measure and it does ‘not exist in the

o

literaturae, The SEBGSNR/kb/s of the UPCM-hased systems are

-

shown in Table 3.8

From Table 2.9, it is ogbvious that AG-UPCM, which
results in the highest SEGSN?)kb/s, is the best. Note fhat
. B-UPCM is inferior to AG-UPCM by only 0.03 dB/kb/s and by
0.6 dB in SEGSNR. Therefore, it is still not clear whether
AG-UPCM or G—UPCﬁ should be chosen as the -dasired spasch

coder. This is discussed in the next section.

3.10 The desired speech coder

From the previous section, it is obvious that either
AG-UPCHM or G-VUPCM is desired. In this section, it is assumed
that both AG-UPCM and G-UPCHM are implementable. Hence, the
critical parameters for judgement are the SNR, the SEGSNR
and the SEGSNR/kb/s. Note Ffurther that the transmission bit
rate of AG-VPCHM is only 200 bits/s highe; than that of G-
UPCHM, Whether IQG—UPCM or G-UPCM is desired can be judged
using only the SNR and the SEGSNR.

As AG-UPCHM is superior to G-UPCHM only by 0.84dB in SNR
and 0.6 dB in SEGSNR, it is helpful to take into account ths
raécnstructed waveforms for perfbrmance Judgemant..ﬂ 300ms

original speech waveform, the corresponding speech waveforms
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reconstructed by G-VPCHM and AG-VUPCH are sﬁmwn_in Fig. aia,
Fig. 5.10 and Fig. 3.11, raspeﬁtivslg. From Fig. 3.39-3.11,
the waveforms which ars reconstructed by AG-UPCM and G-UPCH
aré'bnth similar to the original wdveform, esxcept for the
discontinuity in hFig. 3.10. As suggested in [21, a
discontinuity in the reconstructed speech waveform may he
heard as roughness,:eG—UPEﬂ is concluded to pfovide better
ﬁualitg of output sﬁéech.

F%nallg, although AG—UFCH provides the'be§t quality of
output speech, its output speech is not necessari;g of
communication qualitg. Fortunately, becauss of the B-
dimensional UPCM of 1 hit/sample in (151, the subjective
quality of the ocutput speech of AG-UPCM can be jgdged
without a lisfening-tast. In C[151, the B8-dimensional UPCH
was tested, using real-time computer simulation, by a speech
sequence of about 200 seconds. The test results were
obhjectively a SNR of 13.6 dB and, subjectively by liétening
test, an intelligible and naturally sounding reconstructed
speech. Sin the of AG-VUPCH 1is 13.38 dB, which is
approximately equal to 13.6 dB,'QG~UPCM.can be expactaed to
provide intelligible and naturally smundingzspeech output.

Thus, the output speech of AG-UPCM is certainly not of

synthetic gquality. As a conclusion, the output speech of AG-

UPCM is of communication quality.
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After & lengthy discussion on the desglopment of
different extensions of UPCHM. the normalization schema in G-
UPCH 15 found tao be very efficient in SEGSNR improvement.
Howaver, G-VUPCM shows a discortinuity in its reconstructed
‘gpeech- waveform. The modified fixed adaptive technicue when
applied 1n G-VPCH ps found Eo be not SLQnificaht in SEGSNR
improvement. but managed tc solve the #rcﬁlem of the
waveform discontinulty. ﬂsra result, AG-UPCHM is determined
as the medium-bard Spgegch coder that provides cmmmuﬁicatzon

S
Quality.
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EHAPTER 4

COMPUTATION COMPLEXITY OF THE UPCHM-BRSED SYSTEMS

4.1 Introduction

Given the structure of all UPCM-based systems, 1t 1s
possible to discusg in detail their comﬁutatlon complexities
and real-time realizatiocns. Tﬁe computation complexities are
measured 1n terms df the number af. mathematical operatians
such as’ multiplicatidns and additioms. As expected, all
extensions of UPCM are shown to have a minimum i1increase in
the computaticn complexity. Using the JULSI Pattern Matching
Chip (PMC) [251.%tHe selected speech coding scheme AG-UPCH
is shown to be real-time implementable. In additlcn; this

chaptér also provides the infaormation on the real-time

implementation of AG-UPCM using the fast search algorithm

£esl.

As discussed in chapter 2, the encoding process of the’
Full search wvector quantizer 1s far mare complicated than
the decoding Process. Thérefure. only the computation
camplexity cé the encoding process is necessar¥ly considered
For the hardware realization- of the Ffull search wvector

guantizer. Hence, only the computation complexities of the

enceding process jof each extension of UPEM are discussed 1in

this chapter. AMlso, the effect of the Fast search algorithm

CL26] on redycting the computations of the encoding process of

UPCH 1s dtscussed.

The komputation complexities of all the UPCM-based

systems are pgiven in section 4.2. In section 4.3, the AG-

-—
-

O



»
UPCM.sncddsrr is éhomn to pe' real-time implementable and a
hardware architecture 1is progosed. The hardware architec-
ture is suitable for the realization of the AG-UPCH encoder

using either the PMC or the fast search algorithm,

[

-

4.2 Computation complexities of all the UPCHM-based systems

Lk

Let mult. denotes multiplications
add . denotes additions
sub, dermotas subtréctions

comp. denotes comparisons

diwv. denotes divisians

F

& For, eacl UPCM-based system, the computation complexity

S8

is expressed in terms of the above notations and the-

carresponding system parameters. Based upon these
expressicné, a comparisgn between the different UPCHM-based

systems with the parameters of interest is given.
Lo

4.2.1 Computation complexity of UPCH

Let x(i), i=1,:..,k be an arbitrary input vector, and
gnCi), i=1, ...,k ; n=1,...,N be the designed

codewords
Then, based upon the unweighted sguared error distortion

m@asure, the caomputations for the encoding process of UPCH

are the following:

(il Eér all N codewnrds, compute the error vectors, e,(i),
i=1,...,k; n=1,... N as

BLC(1) = x(i) - y (i) whick requires Nk sub.
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(ii) compute the sguared errors, SE(n), n=1,...,N for each
error vactor as

k
SE(n) = }: Een(i)]e which requires Nk mult. and,
i=1
Nik-1) add.
{ii1) select the minimum distocrtion codéaagd for x(1iJ,
i=1,,..,k through the following: T

-

min{SE(m)}, for all n, which requires (N-1) comp.

Therefore., the camputaticn complexity of UPCM 1s:

v

{UPCH computatlons}-{mulé., add.. sub., comp.l}
=(Nk. N(k-1). NK. N-13
On a per sample basis:

{UPCM computations/samplel={mult.., add.. sub.. camp. )

={N, N(k-12/%, N, CN-1)/Kkl

“4.2.2 Eompuéaticn complexitg_pE_G—UPCH

From chapter 3 (sectian 3.57, the computation
camplexity af G-VPCM equals that cof UPCM plus the
computatiaons needed for the normalization scheme.

‘gét L = segment-length in samples and.lL>k

s(n), n=1,....L be an arbitrary speech segment

Sﬂorm(nj' n=1,...,L be the narmalized s(nJ

~

© Then, the computation complexity of the normalization scheme

is the following:
(i) Find the maximum sample magnitude, a, of s(n) as

a = max{s(n)), For all n, which requires (L-1) comp.

L
Y
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(ii) normalizes s(n) as
s(nJ .
Snorm? = which requires L diwv.
, a
Thaerefore, the number of comﬁutatia%s per sample for the N-
level k-dimensional G-VUPCH is:
{G-UPCM computations/samplsl}
={mult., add., sub., comp., div.} ) .
~{0. 0, 0, L-1, LY}/L +(UPCM computations/sampled ‘
={0, 0, 0, 1-1/L, 13 +{N, N(Ck-12/k, N, (N-13/k, 0O
={N, NCk-1)/k, N, 1-1/L +(N-1J/k, 12
%Jé.B Computation complexitulmf A=-UPCH
From chapter 3 (section 3.7.22, .the domputaticn

complaxity of A-UPCM is the number of UPCM computations plus
the number of computations for the classifier.
Then, the computation complexity of the classifier is

the follouwing:

il compute the zero delag autocorrelation coefficient,
RCO), as -
L
R(OY = 3 stnis(nd which requires L mult. and,
n (L-12 add. |

-

(ii) compute the unit delay auvtocorrelation coefficient,

———

R(1>, as
.- L1 <
R(1) = 3 s(n)s(n+l) which requires (L-1) mult. and,
n=1 -
(L-2) add.
¥

~—
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(iii) compute the normalized wunit delay avtocorrelation
coefficient, r(l), as
RC1)
r(l) = ———r0 which requires 1 div.
RCOD g
(iv) select the appropriate class for s(n) as
YES .
is r(l)> 0.34 Class_l ¢ {1 caomp.2
NO
YES
is r(13> 0.7 Class 2« (1 comp.}l
NO
Class 3

Therefore, the number of computations ﬁer sample for the N-
level k-dimensional A-UPCM is: :
{R-UPCM camputations/samplel
={mult.. add., sub., comp., div.3
={2L-1, 2L-3. 0, 2, 13/L +(UPCM computations/sampla}l
=-{2-1/L, 2-3/L. 0, 2/L, 1/L2
+{N. NCk-121/k, N, C(N-13/k, 02

=~{N+2-1/L, NCk-1)/k +2-3/L., N, 2/L +(N-1)/k, 1/L32

4.2.4 Computatipn complexity of AG-UFPCH

The computation complexity of AG-UPCN is egual to that
of UPCM plus the computations for the normalization scheme
.and the classifiar.

From section 4.2.2, ths number of computations ' per

sample For the normalization schems is:
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{nor. computations/sampie}-{mult.W add., sub., comp., div.2}
. : ‘ {0, o.(/o, 1-1/L, 12
Further, from section 4.2.3, the number QF computations par
sample for the classifier is:
felass. computations/samplel
={mult., add., sub., comp., div.3
=-{g-1/L, 2-3/L, 0O, /L, 1/L}
Therefore, the numbervaf computations per sample for the N-
level k-dimensional AG-VPCM is:
{AG-UPLCH compﬁtations/sample}
-{nor. computations/sample’
+{class. ccmputaticns/samplel'
+{UPCM computations/samplal}
={mult., add., sub., comp., div.Z2
'={0, 0, O, 1-1/L, 13 +{2-1/L, 2-3/L, C, 2/L, 1/L2
+{N, NCk-1)/k, N, (N-1)/k.Q32 |

={N+2-1/L, NC(k-1)/k +2-3/L, N, (N-1)/k +1+1/L, 1+1/L2

4.2.5 Comparison between different UPCM-based sustems-‘

From chapter 3, the sgsfem parameters of intgrest are:

-
-~

vector dimension k=8

codehook siz& N=256
sample frequency £ =BkHz )
N

segment-length L=10ms =B0 samples \\\\\__/

Based upon the derived computational expressions, the

nwﬁﬁggrcf computations/sample for each UPCM-based sustem

. ——

with respect to the above parameters are shown in Table “.1.
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per sample '
computations | mult. add. sub. comp. div.
VPCM 256 224 256 31.875 0
G-VPCM 256 224 256 32.8625 1
A-VPCM | 2579875 2259625 256 319 0.0125
| AG-VPCM 257.9875 . 2259625 256 32.8875 1.0125

Table 4.1 Computatlon complexities of the VPCM-based systems
(systems parameters: k=8 ; N= 256 L=80 samples)

per sample computations mult.and  add. and comp.
div. sub.
| VPCM full search” method 1024 1920 127875
fast P>rojection Method 0.75 0.75 225
search Hypercube Method 50 ' 100 240
algorithms Minimax Method 3.5 1026 1154
Table 4.2 Comparison of computation complexity. After [20]

(system parameters: k=8 ; N=1024)
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afearping to.Table 4.1, it is obvious that the computa-
tional requirements of all - the UPCHM-based systems ars

approximately equal to sach other. Hance, the sxtra compu-

4
tation required by any of the extensions of UPCH is negli-

giable when compared to that of UPCM. In other words, if the
UPCH of interest ias real-time realizabla, then all the other

UPCM-based systems arse also ‘real-time realizabla. This is

further discussed in the following section. .

4.3 Real-time realization of AG—UPCH

As AG-UPCHM 1is the smost complax extension of VPCH, a
real-time implemented AG-VPCM implies the real-timse
realizations of all the other UPCM-based systems. Also, AG-
RPCM is ths.selscted speech coding schems. Therefore, only

the hardware rsallzation of AG-UPCM will be discussed.

From Table 4.1, the main obstacle of implementing AG-
UPCM is the UPCM computations. Two attempts have been madse
to achisve the UPCHM computations in real time. The first is
to use tﬁe PHC‘ [25]. The second attempt makes use of the

fast search algorithms [2B31.

4.3.1 Real—-time realization using the PMC

Tha PMC is a Y-micron NMOS ULSI chip with a clock freg-
uency of 4MHz. Its architecture allows a selectable vector
dimension, k, of size 2,%4,6 or B. Also, the PMC is capable
of doing a squared difference calculation Ffor a singls

vector component within a singls clock cycle, T,., of 250ns.
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-+

If the PMC is applied to realize the UPCM using
saquential processing of the vector components, the pro- -

cessing time of the PMC, T is:

D

Tp-Tvc'k'N seconds/input vector

or Tp-TVC-N seconds/sampls
For the system of ihterest‘ N=256 and F c=BkHz,

T,~2S0X1079X256 =64 us/sample
andj the allowable cpe}ating time, Ta' is

T;=1/Fg =125 us/sample
Hence. there are Bl ,ps/gample allowable for the AG-UPCH to
normalize and classify the speech segment.

From section 4.2.5, Ehe caomputations af the normal-
ization scheme and. the classifier with the system parameters
of interest are:

{nor. computations/samplel}={mult., add., sub., comp.: aiv.l
-<0, 0, 0, 0.3875, 1) 4
{class. computations/samplel={mult., add., sub., comp.,div.2
-{1.9875,1.9525,0, 0.025,0.01253
Thus, the extra computatians of the AG-UPCM compared toc the
UPCHM computations are:
{extra caomputations/samplel
={nor. computations/samplel
+{class. computations/samplel
-{mult., add., sub., comp., div.}
={1.9875, l.SEéS, 0, 1.01285, 1.012?)

If ane can build hardware completing the above

computations within Blus, the AG-UPCHM is real-time
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‘implemented. Te build such bardware is certainly+< not a
difficult task. For instance, the Texas Instruments TMS320
chip |is capable of comhleting gach of the regquirsd

mathematical operations in 200ns. Using the TMSBEb, one can

do all the required calculations in
(1.8875+1.3625+1.01285+1.0125)X200 ns- =1.185us

which is about 58ys faster than required. Thus, using the

PMC together with the TMS320, the AG-UPCM is shown to be

real-time implemsntable.

4.3.2 Real-time reslization_using the fast search algorithm
From section 4.2.1, the computation complexity of UPCHM

ia:
{UPCHM ccmpptatibnsj-{mult., add., sub., comp., div.}

={Nk, NCk-12, Nk, N-1, 02}
Note that the numbser of esach kind of mathsmétical oparatian
rsquiréd: is increasing with increasing N ‘Pnd/or k.
Thersfore, thes number of UPCHM computations can be raduced by
raducihg the N and/or k. This is addressed by the Ffast
search algorithms L[261].

There are three different Fast search algorithms
developed in [261., Each oé thess algorithms can he divided
into two séagss. The first stage of sach of the.thres al-
gorithms suc?ssfullg selects a subset of the N codewords in

the codebook (the subset consists of Ng codewords with Ng is

much smaller than N) For the search of the nearest neighbor
of a given input wvector. Hence, the number of UPCM comput-

ations is substantially reduced as the given N is raducéﬁ to
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Ng<¢< N. However, the size of the selected subsest, N is a

o
randam variable depending on the particular input vector to
be encoded. Thersfore, the amount oFf computational reduction
in VPCM is varying with respect to the input vactcré.

The sscond stagermf all the thres algorithms searchas
For all the Ns cddewords and selects the nearest neighbor of

the given input vector using the "partial distance” tecHni-

gue [26]1. This technique consists of computing the mth

partial distance or the m-dimensional distance (m is smaller
than the given dimension k), the sum of the squares of the
First m components of the difference between the given input
yector and a ccdéhord. During the test of a new codeword, if
the m-dimensicnal ;distanée éxceeds the previous minimum k-
dimensicnal .distanceﬂ the codeword 1is rejected without
cmmﬁleting the calculation of the distortion (the, k-
dimensional distance} between the new codeword and the.given
input vector. It has been found [261 that the partial
distance techggque reduces the number aof multiply and add
operations to an average of 25% of the UPCM computations,
while increasing the number of comparsions by a factor of
about k/4.

In order to show the performance of the fast search
algorithms., the results in E851 are ‘shmwn.in Table 4.2.
These results were the 'avsrage number of computations
obtained from the 14720 B-dimensional test vectors.

According to these results, the number of ' UPCH

7
computations are supstantiallg reduced., Thus, for a given

R
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procesaor capability, a much faster nearest neighbor ssarch
or a ‘larger codebook size can be realized using the Fast
asparch élgorithms. For instance, if the Full search method

1s implemanted wusing the TMS5320, the averags operating time

of the TMS32C will be
‘ (10214+13820+127.8751X200 ns -51%.375/u5/samplé
IF the TMS320 is used to implement the ngércuba Hs%hod
(261, then the average opserating time of thg THMS320 is
(50+100+2402X200 ns =78 us/sample |
which is &sbout B. times Faster than the Full search msthdd.
Note Further that for an BkHz sampling frequency, the full
sgarch method is not.pnssiblg réal;time implemented using a
single THS320. -
Howaver, the FfFast search algorithms arafﬁot ready far
real-time applications. The objective oF using the fast
sgarch algorithm is to ra@ycs the computational raguiramaert
"of the UPCHM, thareby aficLing Bxisfing hardware to da the
UPCM computations * in real timae. What is rsqui;;d is the
maximum computation complexity rather than the repaorted [£61]
average computation complexity of the nsarest mnaighbor
ssarch.m «
To maka\ the fast search algorithm applicable in real

time, the author believes that it is helpful tc,start«mith

the following steps:

kg
(i) Find the maximum possible size of the selected subset *
of the N codewords. That is, Find ths maxinum SHive b

Ng. It should be emphasized that dus to the diffsrent
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nature of the three different algorithms, the max(Ns}h

changes from one algorithm to anpther [25]). Hence, cars

st be takan in the selection of \the max{Ng}.

(ii) Find the maximum computation complexity of tha nearest
nsidhbor search resulting from using the ﬁartial
]

o
~distance technigue, with respect to the input vectors.

Based upon the above steps, one can eaestimate the
maximum computation complexity of the nearest neighbor
search reasulting From wusing any of the Fast search

algorithm. Subsequgntly, on2 can proceed to select the

appropriate hardware.

4.3.3 Hardware architecture For AG-UPCH ‘

The hardware architecture fFor AG-UPCHM is ah extension
cof that developed in [24]. The architecture of [24] supparts
a

real-time realization of wvector quantization. Based upon

this architscturs, a VLS Codesbook-Ssarch Processaor (CSP)
was developed [25]. This CSP was found to be usseful faor the
real-time realizations of UPCM and AUPC. Indeed, this qéit;s
useful For any vector quantizer which makes wuse aof
squared error distortion measure.

The proposed hardware architecture Ffor the encoder of
the AG-VUPCM is shown' in Fig. 4.1. This architectuce . can be
realized using eithsr the PMC or the fast ssarch algorithm
to limplemant the AG-UPCM search processcer. The block
diagrams of the ﬁG—UPCH implementation using the PHMC and the

fFast ssarch algorithm are shown in Eig. 4.2 and Fig. 4.3,
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classifier .
B O
| % max{sV ()} 42 o
: sV (n) AG-VPCM bi channe!
speech : inary
P »{AD mgztﬁcﬁla | buffer coder

- x0 (m) ) .

— AG-VPCM :
. | search processor

class 1 class 2 . class 3
codebook codebook codebook

Fig.4.1 Block diagram of the hardware architecture for the
encoder of AG-VPCM

Note : SU) (n) = the ' sample of the j' speech segment ; n=1,...L
L’ = the length of the speech segments
CG) = the class identification of the jlh speech segment
aQ) = the maximum sample magnitude of the in speech segment

)] .th .
. YY (m) i_t_ly_: m™ vector of thcjt normalizated speech segment ; m=1,....M

L . ) )
M = —— where k is the vector dimension

k
i (m) = the index of the nearest neighbor of Y9 (m) ’
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AG-VPCM
search
pProcessor

AG-VPCM c® class 1 class 2 class 3

buffer codebook codebook codebook

; o

! I
|

: . | ~ i

e T~—l

\ N () AV 4 -

{) = : Y™ (m

[0 g X0 @ ™ PMC

: 20

[ Id

> i) (m)

Fig.4.2 Block diagram of the AG-VPCM search processor

(1mplemented using the Pattern Matchm0 Chip, PMC)

class 3

codebook

. buffer

index

AG-VPCM
search
processor

AG-VPCM | .G class 1 class 2
buffer \ codebook codebook
e ——
—_,r““—_ —_—t - - P W .
: 4 V4 \E p: /
= Y™ (m) fast search [\
! P processor —_— »
v codeboo
XY (m) L= puffer
() :. \ o O ) | ‘U’
_:___pYQ) (m)=X ?m) Y (m) N full search
al) processor

Fig.4.3 Block diagram of the AG-VPCM search processor

(implemented using the fast search algorithm)
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respectively. Based upon the proposed hardware architecture,
the encoding process of the AG-UPCM consists of the
Following steps:

(1) Convert the analog speech into digital Form with a A/D
converter.

(é) Collect every consecutive groep of L samﬁles as a
speech segment by the input data buffer, ané-load the
current speech segment into the AG-UPCM buffer. |

(3) Find the norkalization Factor, a'd’, of the current
speech segment, SCJ)(ﬂj. and classify s¢17¢n) into ore
of the three classes.

(4) After the class identification, c(Jj. is Dbtaiﬁed. the
AG-UPCM search processor is . abtle to select the proper
codebook for ECJJCnJ.

(5) The AG-VUPCM search processor ;akes sequences of k
sampleshi(véctor) from  the AG-UPCM  bufFer  and
normalizes each sample.-

Goto step (8 if the AG-VPCM search processor 1s implemented
using the PMC. '

, (BY After the current vector, X(JijS‘.is rnormalized, the

fast search processor, which realizes the first stage
of eithar one of tha thraee fast search algorithms [Eé],
"is acknowledged to perform the selection oE. an
appropriate subset ofF the currently selected codebook
For tﬁé normalized XCJ)(m), Y(J)Cm).

(7) Every codesuword and its index, which were selected by

the Fast . saarch pfccassmr, arg then loaded into the

- 1
~

codebook buffer and the index buffer, respectively.

112
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(8) The full search processor, then, searchas through the
codebook huffer to Ffind the minimum distortion cods-
BBRP. Note that the full search processor is sxpected

to be realized using the partial distance technigue.
Goto stap (102

(9) After the current vector, X(J3(m3, is norhalized, the
PMC searches through the currently selected codabook to
Find the minimum distortion codeword.

(10) AfFter the nearest neighbors of every vector From
s(J2(n) are found, the indexes of the nearast
neighbors, i(3d¢m) Ffor all m, together with c(J? and

all) are binary coded for transmission.
(11) The hinary coder may employ certain error detection

codes or even arror correction codes when the channsl

noise conditions require it.

L]

4.3.4 Comments on the propgsed hardware acchitecturs

The hardware architecture described previously is not
necassarilg the final architecture of the real;tima AG-UPCM.
This propaosal provides Just enough information Ffor the
implementation of AG-UPCM. It is included to show that the
real-time realization of AG-UPCH is not a difficult task.

Based upan the architecture of [2%], a two codebook
UPCHM (using separate codebooks For voiced and uwnvoiced
sounds)- was sucassfully realized. The two codebook UPCH is
more complicated than AG-UPCH. The voiced/unvoiced/silence
(UUS) classifier £22] for tﬁe two codebénk UPCH is much more

complicated than .the classifier togsthar with the



114

oy .

normalization scheme in AG-UPCM. Hence, one can realize the
AG-UPCHM based upon the proposed architscture.‘

Finally, note that if a single codebook is used-Eor AG-
UPCM, the hardware architecturse can be wused for G-UPCH

. = .
without any extension.
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CONCLUSION AR

Throughout this thesis work, it was found that ﬁoth AG-
UPCM.and G~UPCM resulted in significant SEGSNR improvament
over UPCM. Hoillever, the output speech of G-UPCH resulted in
waveform discontinuity. AG-VPCHM was, then, salscted‘ to be
the desired spéech coder. _

The 3.8 kb/s AG-UPCM was found to satisfy all the
projected requirements. Its output speech is "intelligible
and natural soundiné" and, it is real-time realizable,

As no listening tests were conducted For AG-VUPCHM and G-
UPCM, the absolute subjective quality of the output speech

of the 8.8 kb/s AG-VUPCH is\not yet known. Referring to the

SEGSNR measure and the reconstructed spesch waveform (Fig.

Y
"~

3.11), the author believes that the 9.8 kb/s AG-UPCH dPas
provide geod communication quality of output speech.

The 9.8 kh/s AG»UPCHM can be implemented by combining
the PMC with ganeral-purpaose signal procsssors such as the
TNSBEd. Although the fast search aléorithms EEE] are not
ready to be used in real time, they are thentialig good
candidates For the real-time realization of AG-UPCM. An AG-
UPCM with a large codebook size (N>256 and/or k>B) can be
realized by combining the Fast search algorcithm and the PHC
with general-purpose DSP chips. Future research on the real-
time realization of the 9.8 kb/s AG-VUPCM using the fast

search algorithm will be very interssting and challanging.
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APPENDIX A

DIGITAL MODEL FOR UOICED SPEECH PRODUCTION

The basic maodel, detailed~ by L. R. Rabiner and R. U.

1]

Schafer.EBOj. For speech production is the follcocwing:

PITCH PERIOD
Ay
| ocLoTrTAL
IMPULSE PULSE
TRAIN »  MODEL
GENERATOR
G(2)
EXCITATION
VOICEDY SIGNAL
UNVOIGED = —~——m»
SWITCH .
RANDOM
NOISE
GENERATOR
A
(@ N
F, F, Fy | :
EXCITATION
SIGNAL VOCAL TRACT RADIATION | 3ol
o  MODEL o  MODEL .
V@) R(Z)

(b)

Fig.A.1 (a) Generation of the excitation signal;
(b) Terminal model for speech production



AS sﬁomn in Fig. ﬁ.léa). this mpdel mékes use' of
different excitation sources for vnicéd and unvoiced sound
production. For the voiced sound production, the excitation
source is generated by the impulse train generator, the
glottal pulss model and the amplitude contraol. Ay. Far the
unvoiced sound Drmduction. the excitation souwrce is the
randam ncise generatoé and the amplitude control, Ap e

According ta this model (Fig. A.l1¢a).(b)). the speech
production is based on the "quasi-staticnarity” assumption.
That is. the model assumes the general oroperties of the
excitation and wvocal tract remain fixed for pericds of 10-
20ms. thus its parameters are assumed to bg constant cver
time interwvals of. 10-20ms long. Therefore, the model works
ve;y well For sounds such as vqmels with parameters that
charnge very slomlg with time, but 1is not adequste for
vmi:éd/un&ci:ed transitiong with parameteré changing
suddenly at Sohe paints ;n_tima.

In additian. the lacl: aof prcvision of zerwss (the wvocal
tract model is an all pole medel) as reguired theorstically

fFor nasals and fricatives leads tao "strange" sounds produced
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for nasals..and voiced fricatives. MNevertheless. for the pur-

.pose of voiced sound production only. the model works wvery

| Qell. and the random noise generator and the .QN are not

necessary. Such & simplified model is the one shown in Fig.

3.5. The details of this meocdel follow. The methqd for Fixed
' i

pitch voiced sound production ig also discussed

subsegquently.

. /
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Glottal pulse model: G(Z) €

The objective of the glottal pulse model toBther with
the impulse train generator is to create the excitation sig-

nal (the guasi-periodic pulse waveform) for the voiced sound

productipn. Tha impulse train generator producss a ssEguance
of unit impulses which are spaced by the desired pitch per-
iond. This signal is, then, used tc excite the gleottal pulse
model with impulse response gi(n) having the desired glottal
wave shape. The choice of the glottal wave shape is not cri-
tical, as long as the selected gin) exhibits a lowpass fil-
tering effect in the frequency domain {301, A commonly used

approximation to the glottal pulse is the following:
gin) = (ALY

where "a” is chosen subject to the conditicn of
20 logliGced® 1 - 20 10g1GcedT 31 = 60 dB

ar, équivalentlg the condition aof .

Gcedd)
- 100C (A2

GeedTT )

To calculate the GC(Z2), let:

hinl = : (A33

-

Then, the Z2-Transform of h(nl) is

. Qo
H(zy =, alz™m "
n=0



(2 - a) - 2

- aja

aZj};

1 2
1 -az”l 2z2-a
Therefore,
dH(Z)2)
G2y = =2 - =7
dz e
az
(2 - aif

Subiect to (A22Y, the parameter a is cbtained as follows:

1 - 2az™! + g2 ¢

a
GeedOy -
¢1 - a3t
-a
GcedTT 1=
i-1 - a)t
—a
(1 + a)e

From R(S2,
BEJUI
Gled¥y = - ——
(el - an=
Thus,
GcedO ascl -
-~ 1000 =
G(aJTT as/Cl +
Hence,
1000C1 - 2a +
or 939a® - 2002a

By solving the above guadratic

a = 1.0B5310864%

2

a-J = e

1l + cda + a
+ 933 = 0O
equation,

or 0.83B86353139

a ils given by
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CAY)D

(AS?

For a stable G(Z2), the desired parameter a _is 0.83858138. As

the amplitude

of G(2) is controlled by the Ay,

it is better



i’
to noé%alize G(2). Since there is only one double pole at
2=a and a is real, Gced¥) has a distinct maximum at 2=-a

Czéro frequancy) and the amplitude of Gced¥) has a roll-off

of 40 dB/decade at 2Z=a (this is the reqguired lpwpass
Filtering effectl). Thersfore, to normalize GC(Z) at Z2~a is
sufficient. Finally, as the desired value Df a is about 1,
to normalize G(Z) at 2Z=1 is sufficient. Hence, the fFinal
axpression of G(2) is

(1 - a)8z!

G¢2) = _ with a=0.93869139 (AB)
1 - 2az™l + a827¢

Note that at 2=1 (zero freguencyl. Gl = 1.

Uocal tract modsl: U(Z22

Since the effect of the vocal tract is toc generate the

Formant fregquencies (resonances) of speech sounds, an all
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1“‘

pole vocal . tract model is a very good representation of

vocal tract effects fFor a2 majority of the speech sounds.
Therefore, the vocal tract model- can be fepresented by a set
of rescnators {UkCZJi k=l,...,M}, with aaéh resaonator pq;ng
an all pole model and M being the number of the desired
Formant frequencies [301]. In_ addition, for the purposes of
digital simulation, the implementation of VU(Z2) is not
critical. For instance, U(Z) caﬁ‘be represented as a cascade
form or a parallel form of (VU (2)}. A cascade form of UktZJ
as U(Z) is the following:

¢

X I 1 - 212, lcosg, + 12,15
K K k

vezy =1 v =T]

k=1 k=1 1 - 212, Icose,2 L + 12,1527¢
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| 1 - ﬂk + Bk

i1 - a2l -2
k=11 - a2 ! + B2

f"] Ck Uy
- T1 = = ta7)
k=1 1 - A 2" 1 + B2

where 12kl - exp(—O&T)
an Fy, = formant freguencies
T = sampling period
0& = 1/2 the bandwidth aof Fy
B, * 2T F..T

A, = 212, 1cos8, - 2exp(-0,T2cas(28T F T2

12y 1% = exp(-20, T)
G = 1« A + By

Usually, only the Ef;st three formant frequencies are
sufficient for good gquality speech production. Therefore, a
ccmmonly. used value of M is 3,

Another ‘alternative in implementing V(Z) is by all
means using the direct %Drm i&plemenﬂaticn. Based upcn the
cascade form of U(Z2), the .direct Fform of U(Z) can be
realiied as Fdllous: | |
Faor M=3, the denaominator of (A7) can be represented as

.71 ~2y(1-a.2"B4g.2 By (1-a2"1 -2,
(1-R,271+B1275)(1-Aa2 4Bz =) (1-AgZ " “+B327 )

- (1-a.7-lip. 7z B 8 71 -2 -3.p, 772
(1-AzZ 1+B;27E-A, 27 +A A2 F-A B2 4B 2

-3 S P e
_QEBlZ +BIBEZ )(1 932 +832 j

-~ (1-(A;+Az)2Z 2+ (A  A+Ba+By )2 B~ (A Bp+AzBy 2 7
I '
+B1Boz " h1-azz 7 1+B5Z ™)

Y

P
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~ 1-Ag2 " L+BgZ " B-(a +A02 A gcA +A)27E
~Bg (A +A2)273 +(A Ap+B, +B32 T
~Ag(A AS+B+Bo)2 3+Bg(A AS+B +BIZ
- Ay Bo*+ApBy 027 3+A5 (A Bo+AzB, 02
~Bg(ABo+AoB 412 "5+B, B2 4-A5B B52 " O+B BoB 52 B
Thersfore, the dir@%i form of VU(Z) is
' C;CsC5

uezy - : 5 3 m - = (A8
1+U; 27 14Uz B rugzm dey 27 T g 2T T +ug 2

whare TAl = A; + As ; Tﬂé = A A ; B, + Bp
TA3 = A;Bo + AoB; ; 1A% = BB
Ui - -QB - TAl A
Us = A5 TAL + TA2 +Bg
Uz = -Bg'TAl - 93'f98 - TA3
U% - BE'TQE + QB'THB + a4
U = -B3'TA3 - Az TIAY
Ug = Bg'Iad
As will be shown later, (AB) 1is used for £he direct
form cealization of the:combined madel aof U(2) and R(Z), the

radiation model.

Radiation model: R(Z)

The whole model up to the wvocal tract maodel UCZ2) is
good snough  for the representation of the air Flow from the
lungs up the lips. The Db}ectiQE of including the radiation
madel R(2) is Emrl the rasultinb pressure generated by the

lips opaning (also called as the "radiation impedance”). One

approach to obtaining R(2) 1is to apply the bilinear

'
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transform to the “radiation impedance”, ZLCS). [30) a=a

- fFollouws:

S
RCZ) = 2, (S) 2t - 271
. . Sm— | —
;. Thh + 274

' , - SRpLp

- 21 - 271 sady
Rp + LS Is=- | ——
Th o+ 2

where 128 Ba'

-

gt 3c

= the radius of the lips opening

c = thé velocity of sound
= 35000cm/s

T = sampling period

—_ Z"l .
—|R_.L
. 2_1 |
R. + ‘
g {1 + 27 1T
2_ ]

erR.L.C1 -

That is,

L LAY
B |
= —

-1 - =--1
TR.E1 + 2 =2 + 2L 01 2 -1

_ -1
2R_L_[1 - 2712

CIR. + 2L.1 + CTR. - 2L 1271

2R L. N
——[1 - 2711
TR + 2L,

o

RyC1 - z 13
- - (A10)
1 + RoZ
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where
@ l128) [ga
8_—. — .
2R L. k | 3c 128a’
Rl- - - = .
TR, + 2l 128 Ba'\ 24cT +.8%a’
T|—|+ 2| —
ge 3c
[ 128 Ba’
T|—|- 8| —
TR, - 2L_ L 3¢/  B8cT - 3a’
Ro = - -
TR, + 28l 128 Ba/| 8cT + 3a’
T{—=|+ 2
58 3c

Having deriva® the structure of the speech production

model, it 15 possible toc describe how the voiced sounds are
‘produced From  this model. In the following. the method used

fFor f:xec pirtch voiced sounds production is discussed.

Fixad pitech vorcad sounds productian

IF the pitch period FfFor all the veoiced sounds of

snterest is a ccnstant, the model reqguires only a commen

gxcitaticn source for all the veoiced sounds,
programm:ng the model in a digital computer. the excitation

gignal of Fixed pitch period is generated once and is used

For all the voiced sound producticn. Additionally, the

terminal model ( U(Z2) and R(Z) 2 is combined into a single

time-varying Filter, L(Z)=U(2)'R(2). From (AB) and (A10),

the direct form i1mplementation of L(2) is the following:

- -1
: RyL1 - 2713 C4CaCo
LC2> =

1+ Rpz™t 1sug27leugz Reugz 3y 2t eu 2 TSz 7B

v

lc4

For the esase of.
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+

- —»=-1 -1 "‘E
[Lci-2 =31 7 L1 (Rp+V 22 + (RpUq +uo02

¢ + (RpUp+U33273 + (RoUg+uydz ™™
+ (RoUy+UgdZ ™2 + (RoUg+Ugdz ™6

+ RaUg2 71

Lc1-2" 4

(A11)
1+l 27 L2 8Lz v 2 e 2 S g 2B 27

where -

L:= Rj'Cy'Co'Cg ¢+ Ly = Rs + U ¢ Ly = Rx'VUy + Us

Lo Ro'Us + Ug 1 Ly = Rp'Ug + Uy : Lg = Rp'Uy + VUg

Lg = Ro'Ug + Ug : Ly - RE'QE

The time-varying Darametersrmf L(Z2) are. then. the.
thyee formant Frequéncies and -the radius of the lips
ppening. [t should be emphasized that thersoeech production
.model . discussed here was derived especially for the study of
GU-UPCM. A more complicated model is required for general

speech pﬁoduction of goecd quality C302.



- -126

APPENDIX B
STATISTICAL NERSUREﬂth 0OF SPEECH SIGNﬁLé

The log energy, LOGE, and the " unit delay normalized
autocorrelation coefficient, r(l), are well-known measures
for the classification of speech sigrnals. It -has begn Found
EéBJ that LOGE is excellent for silence discrimination and,
r¢l) is very good in distinguishing voiced speech segments
from unvoiced speech segments.

For zach speech segmenﬁ. define s(n), n=1,... N, to ke
the ch sample in the segmehp. LOGE and r(l) are, then,

defined as

1 N
LOGE = 10*log)g |E + —— 3, soim) and, (B1)
N n=1
N
2 stmis(n+1d .
n=1
ror(1) = — . (B2’
N
2 satn)
n=1

where.e is a small positive constant added to prevent the
computing of the’lng of zero. The value of e is not critical
provided that it is much smaller than the mean-squared value
of the speech samples. For our speech signal, the S#EECh sa-
mples ranged between + 3276B. Alsc, € was set equal to 1071,

Generally speaking, the LOGE of voiced sounds is much
higher than thét of silence speech. The LOGE of unvoiced
spunds is usually lower than for voiced scunds, but often

highaer than for silence speech.
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The parameter (1), which varies betueen -1 and 1, 1s
the correlation betmeen_adjécent speach-;émples. As  the
energy af vdiégd sounds 1is concentrated Eelom about 3 kHz
{30] because DE:the sﬁécfrum Fall-off 1ntrcducéd by the
g;nttal wave., adlacent samples of voiced speech sagmants are
highlg_correlated. Hence. the wvalues of rfl} Ffcr voiced
sounds are close to 1. For wunvoiced sounds. most of the
erergy 1s found at higher freguencies and theicr waveform
envelopes are noise-like signals. The values of ril)d for
urnvolced scunds are close td zero.

The training sequence described 1n section 3.2.4 is
analysed using both LOGE and r(l). The tuo—dlmehsional
histbgram of the LOGE and the rtl), based on speech segments
of 10ms. of the training sequernce 1s shown :n Table B.1. The
silence discrimination wusing LOGE 1is Firstly described.
Subseguently, the boundary values of ril) for thé classifier

irn AG-UPCM 1s discussed.

Silence discrimination

Obviocusly, silence speech segments ére with the louest
LOGE compared to voiced and unvoiced speech segments. Hence,
silence speech can be distinguished from veiced and unvolced
sounds using the LOGE measure. Referring to Table B.1. the
LOGE of the lowest energu speech segments ranged betweén 10
dB and EO'dE. Therefofe, these speech segments correspond to
silence speéch. However, a LOGE of 20 dB 1s not yet the
boundary value for silence discrimination. One must check

for the existence of the silence speech segments when LOCE



<
128

is higher tham 20 dB. IfF there are many silence speecp///FM’#ﬁm

segments with a LOGE >20 dB, an appropriate boundary value
fFor silence discriéination will also be higher than 20 dB.
As a result, a boundary value of 30 dB‘mas obhtained. It
was chosan such that silance ébse:h sEgmants wers ‘mmstlg
rejected while unvoiced speech segments wereérestorad. ﬂftgr
the silence discrimination (with a boundary value of 30 dBJ,
only 1 silence speech segment was found over” 100 speech
Segﬁents under examimation and, the LOGE of all the examined
unvoiced speech segments was arcund %0 dB. A rcestecred
silence speech segment (with a LOGE of 21.16 dB) is shown in
Fig. B.1 <(the First segment). Socme of the restored unvoiced

speech segments are 2lso shown in Fig. B.2 (the first three

segments) and Fig. B.3 (the First two segments).

Boundary values of c(l)

Recall (section 3.7.1, 3.7.2) that the objective of the
classifier in AG-UPCM is to sgparate the voiced sounds with ‘
smooth waveforms from the voiced sounds ﬁ@th noise-like
waveforms including unvaicgg sdﬁnds. A classifier using only
the r(l) to achieve this requirement is now given.

From Table B:l, only Ehe speech segments with LOGE
ranging hetween 30 dB and B0 dB include those segments with
negative r(l). As the r(l) of unvoiced sounds are uswally
close to zero, it is assumed that the LOGE of the unvoiced
speech segments (From the training sequence} is between 30
dB and B0 dB. Additionally, within this range of LOGE, the

r(l) of most of the speech segments is higher than 0.84%.

]

£
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Hence.. .these speech segments (with a 'rCl) close to 12
correspond to voiced sounds. About the speech segments with
the highest LOGE ¢ >80 dB), the r(1) of mast of the spesch

segments 1is higher than 0.7. Hance, these sp@ech segmants
CLOGE >B0 dB ard rflld >0.7) corraspond to voiced sounds.

According to these voiced/unvoiced ‘]udgements, the
boundary values aof r(l) ;;ere-set to 0.94% and C.7. Class 1
'(r(l) 20.34) consists of the voiceﬁ sounds with smecoth
waveforms (eg. the last three segments in Fig. B.1). Class 3
¢0.7 >r{l) 2 consists of the voiced sounds with noise-like
waveforms (=2g. the last three segmen£§ in Fig.B{?J including
unvoiced soﬁnds. Class 2 (0.94 >r(l) »>0.73, the intermediate
statistical :;ass. consists of the volced sounds of moderate
noisy wavweforms (eg. the last tQD segments in Fig. B.2?2 anq
the higher correlated unvoiced ééunds (eg. the first three
segments in Fig. B.2». &

AsS the. gnd of this appendix, gramples (promised in
section 3.7.1) about the values of r(l) of voiced scunds
with noise-like waveforms and unvoiced sounds are described.
The valuses of the (1) of wvoiced and unvoiced sounds wers
calculated. These results are also shown in Fig. B.1-B.3.
From Fig. B.3, the r(l) of the fFirst two segments (unvoiced)
are 0.6846 and 0.816 and, the r(i) of the last two segments
(voiced) are 0.834 and 0.654. Hence, the r(1l) of the voiced
sounds  with n?ise—l$k$ waveforms is close to that of
unvoiced smundsaﬁhlﬂig/ls also supported by the values of

r(l) shown in Fig. B.Z2.
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FACKAKKAORF KRR KA KKK K APPENDIX CL ‘ 134
*¥ FROGRAM # 1 X
b 4 . ~ . ®
X CODEROOKR NESIGN X
KRR KOO RN KR KK
COMMON ZCPATT/Z PRV ERYSPLT .
NIMIENSION VIN(IR210:8)yER(EB21Gy 8y PNC10248)»FRK(3HP1) -
INTEGER VVU(8)
This srogram is able to desidn the codewords both for VPCH and G-VRCH.
Whern NAXO: the rrodgram desidns the codewords for VEOCH.
Whern NA<0» the rFrodram desidns the codewodes for G-UFGM.
define susten
.71 length (in samrles) of the scauence from the first aresker
T2 lendth (im semeles) of the sequence from the second sreaker
LT3 Jendth (im samrles) of the secquoence Trom the third sresker
.T4 length (in sameles) of the sfnuence from the fourth sreasker
ke, the vector dimencion
NN the numher af the recuired codewords is PHKHN
EFS the distortion convergonce thresnnld
WRITFCLsk) 77 NAsL. Tl L1250 T3¢l TAsNNS : -
READCE XY NAasLTLe L T2l TIsLTAPNN .
KR=8

.

48 4% 24 4o 4d os 2

T4/RK

N0 4¥9 T=1sL1.1 y -
READCZ,59% 7 CMUUCIRKED s KIKK=1+8)
N0 498 RER=1,8 ' -
UICT » KKED =F 1L UAT (YUY LRKK ) ) -
497 CONT LMUE
499 CONTINUK
T=011
DO 497 1=1,1.1.7
REATICG, 5997 (VU IRKIND s KKK 1 8)
T=T+1
I 4985 KEK=1,8
UNCT Sy RERD) =FLO0AT (VUU CRKE ) )
494 CONTINUE
497 CONTINUE
I=ih 140112
N0 490 g 1.LL3
READ(S 25990 (VWU KKK s KKK=158)
T=1+1
NO 494 KKK=1+8
VDI s KRR =FLOAT (WUU CREED )
494 CONTINUE
495 CONTTINUE
T=L 0400 24003
N0 493 .= 101 4
REAN(&6:S99) (VUVU (RKK) s KKK=1 s 8)
I=T+1
N0 492..KKK=1,8
UNCT s KKKY=FLOAT(VUV (KRR )
492 CONTINULE
493  CONTINUE
598 FORMAT(R(IXsk11.4))

e



599 FORMAT(B(IA))

1.1.T=10
LLS=LL./ZLLT :
C  if necessaryy nmormalirzes the insut trgining seagrnrp

135

¢ on the bhasis of seament hy sesmend
IF(NALGT.0) GO0 1111
No 10 RLS=14+1.1.9
L.P=(KLS-1)%LL.T
Lt P=LF
FMa=-1.F18
DO 20 KIL=1s001
lL.F=LF+1
1) 40 KKK=1,KK
TUN=ARS (UN (P KKK ) )
IFCTVDLLTWFMAY GOTO a0

FMA=TUN
40 CONTINUE
20 CONTINUYF
FRORLS)y=FHn ' s

D0 S0 Rib.=1s011
| LE=L LF$1
U a0 KRN=1sKK
WL P RREDY=UNCLLF » KD 286

A0 CORTINURE -, \
a0 CONVTNUF :
1o CONTEIMUY 4

: compotes the sslitting paviamoler
1111 YW=0.0
na 7o I=1sLL ”
CRE=0L, 0 . C
N 20 KKK=1 s KK
SO=SS+(VDCT s KR Y b
ao COMTIMNUC
U=+ SG
70 COMTIMNUF
VaR=VY/ CLLRRK Y -
SFLT=50RT(VARY 710000, 40
MMNM=T RN .
: ermbter the sobroutine Tor codenank design
CALL FaTT (KKsFRS. 1y NMMRILSY ¢y
DO 3G KNN=1 s MNMN
WRITF(7 598 (FRVORMMIRFRY 2 K1 3 s KK
30 CONTIMNUK
& ecalculate the sianmal to cuantirolion poise ratin
T with resract 1o the training cecuence.
VART=0,0
NIsTs=0.,0
DO 100 KLS=1,0L1LS
IF(NA.LT.O GOTO 22022
FR(RLSY=1,0
2222 LF=(KLS-1)%[.1.1
NAA=0.,0
INT=0 ., 0
DO 260 KL =1+LI1T
LF=LP+]
Na=0.0
nn=0.,0
no 300 KKR=1 KK
DA=TIAFUN (L P s KR AFINIKISS ) YRXP
DO=RNH (ER(LFP y KKK ) RKF R OKEL S0 ) kxR

P
L



300

200

100

?9

IR

0070

CONTINUE
DAA=DAAENA o :
NHN=NNN+DD :
CONTINUE
VART=VART+IIAA
DISTS=RTISTS+INN
CONTINUE
DTSTH=10, XAl 0G0 (VART/NISTS)
WRITF(7+99) NISTM
FORMAT (X * THE GIFSUR SANR=  F6.2)
STOP
END

This suhroutine comrutes the reauirvrced codewords usins
the LRG algaorithm together with
the srlitting inidtialization Lechnicus,

SURROUTINIT PﬁTT(KKvEPSvL1rNNNvHISTT)

COHMON /CPATT/ PRV ERSHELT

DIMENGTOMN UNCARZL0O:E) s EROEBZTI08) » U104, 8)
TNTEGER FRORCLOWS)

NIMEFNSTON TRCILP1Q) s TNCL02A,$) «NEYT1024)

C comrutes tho cemltrodrd of the training socuonee

101

100

B0 100 KKE=1KK
THOT s KRE) =0, 0
101 Kib=111

1 TICT s KKK Y=THCL s RN FUITCRE L » NI
CONTTMNUE
FICT s KRR =TT« [KIKKD AL
CONTINUE
[ 1nitializes at«orithm
MH=1
MA-MMED

170

OISTi=1.k18

[ terminate=s tihe algorithm v the roandred codehnall i
. otherwilise donnies the current codewords hy aplidline

U
T bl
C
(M

C

TR OMMLOGT L NNNY GUTD L/Y
00 111 RMM=1sMM,
RNMM = (KM /2
NG O112 KRK=1,RKK
EIORMM KKKY ST ORMM T NI
FOORMME L s KK = TROKRM T KKK —SFILT
CONTTINUE
CONT INLIF

The LRG aldgnrithm

L Tind the set of partitions

172

114

116
115

134

0 113 KLL=isll,
NO 114 KNN=1,MM
NEVCKNRI =0, 0
CCONFINUE
D0 115 KNN=1»MH
N0 116 KKK=1sKK

DEVIRNN) SHEVORNNY + ORI Ly KK =PIV CRMN » KK

CONTINUE -
CONTINUE
DIST=1.E18
KNN=0
KNN=KNN+1

136
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TF(KNNLGY . HM) 6OTO 135
IF (NEVCKNNDY L GT.DIST) GOTO 134

DIST=DEV(KNN)
KIST=KNN
GOTO 134
135 IDCREL))Y=K1GT
113  CONTINUF o
C caleulate the samrle averade distoriion
NISTT=0.0
RO 117 Kil.=1s10
2=0,0

ITIN=TN(RLLD
NGO 118 KRKK=1 KK
S84 (UNIRLEL f KRK)-FPIICTRMN KER ) )RR
g CONTINUE - '
RISTT=NISTT+S
117 CONTINUIK )
RISTT=DISTT /LM
IF(NISTT.ER.0.0) GOTO 173
TF(ARSC(DISTL-NIST Y Z00STT) (LT EFFSY GuTn
NISTL=NISTT v
L fimd the ortimal cocdehool
173 DI 119 KMN- 1 e MM
OO 1200 RIKM= 1 e K
FTIIIRNNs KERY =0 0
120 CONT T NUE
FRORCKMN =0
Nt wib=t el
LECIICRLL) G NE JRNNY GOTO 171
FROBORNNY=FRORBOKNNY
OO 172 KEK=1 K

170

FOLCIRMN g KRR o PYRCRG M s FRFOD AU ORI o RIKR S

139 CONTINUE
121 COMTINUE ,
TECRREORIKMMN) LEQ Q) GODTO 134
Nna 193 KRE- Ly RK .
FTIORKNMN KKK Y =FTCRNMN s KKK 2RO R
TTCRMM e KK ) =E IO MM RS
123 CONTTHOE
GOTO 19
L keer the old prartition 1f Ehe mow rorbiton
134 KM= (RMN+1L) /2
00 1724 KRE=1L KK
‘ FROKMNMy KER = THORF s KRR
124 CONTINUK
119 CONTINU-
IF(NISTT.EQLO,Q) GOTO 170
GATO 172
. the codebook desian io com-leted.

calculate the error waveform that recsulis {rom

C
C reconstructing the trzining secuence
171 NISTS=0.0
00 125 I=1,110
NE=0.0
NN 124 KRIK=1 KK
DE=RE+ (UL s KKK =FTCT o KKK )Y »RY

126 CONTINUE
NHIMT =0
TDE=DOMINT

0 3127 N=2sNNN

137



1R

147

12% .

DE=0. 0
N0 12K KKK=1 KK
DESNE4(UD (X KKK) PR (N KKK ) )Rt
CONTINUE
1F(DE.GT.DHINT) GDTO 127
DMINI=NF . ’
TINE=N
CONTTMUE
IFCOMINILNE L TDE)Y GOTO 22
IDE=1
M) 142 KKK=1,KK
FROUsKKKYSUN Ty KKK ) =11 CLIE ¢ KKK
CONT TMUF : T
COMIETNYIE
RETURN
FHN )

138



C RGO RO RO ok R
C x* FROGRAM + 2 % : 139
cC x X
C % THE REALIZATION OF AG-VUPCM ¥ .
C XIOKKKRKAOKKKIOR KRR KR KA KRR E KKK )
NIMENSION UD(?B“lOrS);IH(HOT;FK(3R“1)vTTH(H)»th(H)th(58’10»8)
NIMIENSTON FRPO(Z428) s FDL(PTAyBY PN (RU&As B FNI (569 B)yRIIB2L)
REAL MENR
INTEGER VU (8)
C This ‘rrodram realizes hoth A-VPCHM and AG-VUPCHK
C  When NAXQy the rrogram realizens A-VECH
C When NALOQy the.rrostram realizes AG-VUFOM.
C define system
T FL1 § the codebhonk of Clase 1 (r{l),.ge.0.94)
C PLD2 ! the codehool of Class 2 (r(1).ge. 0.7 anrd 1), 11 .0.94)
¢ PFPL3 1 the codehool ot Class 3 (rC1),11.0,7)
LT 1 length (in sameles) ol 1he test seauernce
T KK 1 the vector dimencsion
cC M i the numbher of codeworde in oaeh codebook
WIRYTE (LY 7 NAStT 7
REATI(Z2 o 8) NASLT
R1T=0,94
KR2T=0,7
N=254
W=
LL=LT /K
my 427% 1=1.,.01
REFALCIDZ 3591 (UUVCRRER I sFRk =1 .80
498 KKk=1 .8
UNET » KRR =FLOAT (VUV O Y
478 COMTTHNIE _ a7
40e COMNTINIS ) . T
[0 497 I[=1+N . ‘ o
REANCT T 599 (FMTCT ol IE T A REF - 1 el
327 COMTTIMUIE K
M) A%& 1L=1,.M
REAN(LA, 509y (FN2 0T RKE ) s BRI =1 2100
4ws CNNTINUE .

NO 4%y 1=1,M ‘
READRCIS 529 (FUECLFERY s KEK=1RK00

49% COMNTTINUE
975 FORMATOB(LX,F11.4))
398 FORMAT(S(TA))

30

LLT=19 -
LLF=10 TR
ILS=LLALT
00 10 KI1LS=1,1.1.5
L= (KLS=1 )L LT
LLP=l
Flia=-1.E18
D20 KL =100 Y
iLF=l P+
KL=C¢KIL =1 ) ¥KK
00 30 KKK=1 KK
TOCKL HRKE Y WL F KK
COMNTINUE
T0 31 KEK=1sKK —
TUD=ARS (UL F s IKKEDY )

IFCTVNL LT FPMAY GOTO: 32
FHA=TVD

—~



31 CONTINUE
20 CONTTNUL
FR{RLS)=FMA
C if neressarygr normalirzes the test secuencoe
¢ on the basis of sedment hw cedment
IF(NA.GT WO GOTO 1111
N0 23 KLi=1islL.T.
LLP=L1L.P4+1
N 20 RKER=1:KK :
UL LP s KEK) =UNCLLF » KKK /P MA

20 CONTINUC
21 CONTINGE

¢ classifies the current srecch sesment

C inmnto one of the thtealdﬁffernni CLBEnEes ands
) - =" " -' & 1]
C  assidns the arrrorriate codehook for tihe sedment

1113 TS=TNC(1)
- RO=TS%%x2
R1=0.0
NN 40 KiL=2y11F
RO=RO+ CTINORL L Y yiekl?
R1=R1+TDIRLI DTS
TS=TN(KLIL Y
4G . CONTTMHUE . -
- RURLS =K1 /RO
TEORORLS) L GELRLTY GOTO 53
TFORORLSY W GELR2TY GOTO &Y

) S0 T=1,N ;
e . TINY 60 =1.KK
FRNCT ) =FRECT )
60 COMTINUE
50 COMTTMUE
GATR 53
51 ne 70 I=1,N

D go sl KK
FROCE, =010l D
80 COMNTUNUE
70 CONT TN
BHTO 53

A Ny S0 E=1,M

) 100 =1y KK

S (NN DEH S (AN SN
109 . CONTINUE
90 CONTINUE

( vacltor auantirzes the current seecch seamoent

o3 FR=(RLLS=-1 3k01LT
DO 1310 KLL=1y0i1.1
LF=LF+1 -
NG 120 KRK=1 s KK
TTOCORRRY=UNCLEy BRI
120 CONTTINULE
C do the vector uantization
CALL FSER(NsTTN PRI
NO 130 KERR=1 9 KK
RIVOLE s KKK D) =RIIN (KKK
130 CUONTINUE
iio0 CONTINUE
10 CONTINUE
C  comeputes the SNR and the SEGSNR
CALL SNRONASLL VI RN FRy HSNR s SENI)
WRITEC(Ly%) “GNR=/yMSNIys "SFEGSNR=F SGNI

140



O 0o

10

il

40

11

30

_RTOP . : A
END 141

This suhroutine realizes the
full search vector cuantizer

SUBROUTINE FSER (NF»TTHeTHEIRIN
DIMFENSTON TVIN(BI»TPR(2546,8)»RNON(K)
K=8
nEV=0.0
0o 10 1l=1.K
DEV=TEVA T INCID = TEICL,, T YKED
CONTTNUE
TEMF=DEV .
TTHC=TEMI® "
DO 20 T=2yHNH l
NEV=0.0
ng 30 J=1sK ; !
NEV=DTVHCTTTNCD =1FDOT» )y V%%
COMNTTINUE
TEODREVL.GT. TRME) GUTO 20
TEAL=NEY

TN=T ' B J
CONETNUE G,
TFCTERE MY T IMCY S0 1 .
TMN=1
N 40 T=1,K

RTIMOTY=VEICTM 1)

CONTINUE 77 -
RETURN
ENDI
Thise sunroutine comsutes the SMIY and T SELGUSNI
SUBGROUT TME SFHL (AL s UM RED PR o sk - SE Y
DIMENSION A1 08) e REFNTIBITO«RA s FREIVT ) g RIS 10000
REAL. MSk
k=8
L1.T=10

LS=LL/1 8T
VaRR=0,0
NISEF=0.0
SENIR=0, O
po 10 KLE=1+11.8
TE(MALLT.O) GOTO 13
FROKLLS)Y=1.0
T=(RLS=1 )% T
VARE=0,0
DISTE=0Q.0 -
0 KLL=1sLLT
1m147
SV=0.0
NEE=0.0 - -
O30 KK=1.K
SUSUH (UNCT s KK KFR (RIS ) &R
DEF=TH:F4 C ULy KD =REFITCT s KK O KF R (KD §) )AL
REDCL s KE)=RPTI(T s KO RER CRE S)
CONTINULE
NISTE=NISTE+NRE
VARF=VARE+SVY



20

10

40
599

CONTINUE
SENRL =10, %AL0GL0 (VARE /RISTE)
SENR=SENR+SENRI
DISER=NLGEE4+UISTE
VARK=VARR+UARE

CONTTNUE

SEG=SENR/LLS .

MSF =10, %Al 0G10OCVARR/NTSFE)

nO 40 T=isbl
WRTTHE (69599) (RRICTPKK) s KK=19K)

CONTINUE,

FORMAT(8(1X,F11.4))

RETURN

FND

<
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